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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. 01-05-2026
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Unit 1

Introduction to Artificial Intelligence

Learning Outcomes

After completion of this unit, the learner will be able to:

¢

¢

¢

define the basic concepts and characteristics related to Artificial Intelligence
explain the principles of Cognitive Science and its relevance to Al

describe the role of human cognition and cognitive models in designing
intelligent systems

identify the major goals of Al and their significance

define the significance of Al in real-world applications

Prerequisites

Before beginning this unit, it 1s impozrtantto have a basic understanding of computer
fundamentals, including how computers process data, perform calculations, and
follow programmed instsuctionss Familiarity with common computing terms, software
applications, and general problem=solving approaches will help in understanding how
Al systems operate and how'they, differ from traditional computing methods.

Rt
INTRODUCTION TO ARTIFICIAL INTELLIGENCE (Al)

COENITIVE SCIENCE, HIALS DF A

A foundational knowledge of mathematics, particularly logic, basic algebra, and
probability, is important for grasping concepts related to Al models and cognitive
processes. These mathematical skills support the interpretation of how machines make
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decisions, recognize patterns, and manage data. Basic exposure to analytical thinking
or reasoning skills will also enhance comprehension of Al problem-solving techniques.

An introductory understanding of human behaviour and cognitive processes, such as
perception, memory, and decision-making, is helpful for connecting Cognitive Science
with Al, as both fields attempt to model intelligent behaviour. Awareness of real-world
applications of technology in daily life will further support understanding of the goals
and relevance of Artificial Intelligence.

Keywords

Evolution, Al, Cognitive Science, Human Cognition, Cognitive Models

Discussion

1.1.1 Foundation to Artificial Intelligence (AL)

Artificial Intelligence is a branch of computerfseience that focuses on building
machines capable of performing tasks that typically require human intelligence. These
tasks include understanding language, recognizing patterns, solvifig problems, learning
from experience, and making decisions. The foundationof Al lies in mimicking human
cognitive abilities such as perception, reasoning, and learning through computational
models.

A strong foundation in Al begins with understanding key concepts like data,
algorithms, and models. Data is the raW infermation used to train Al systems, while
algorithms are step-by-step procedures that help solve problems or analyze data. Models,
created using these algorithms, enable machines to predict outcomes or perform tasks
based on learned pafterns. Al also relies on mathematical concepts including probability,
statistics, linear algebra,.afid logie to function effectively.

Another core part of Al’sdfoundation is learning techniques such as Machine
Learning, Deep Learning, and Neural Networks. These methods allow systems to
improve automatically from data without being explicitly programmed for every task.
Additionally, ethical considerations, transparency, fairness, and responsible use of
Al form an essential foundation as Al becomes increasingly embedded in education,
healthcare, business, and everyday life. Understanding these fundamentals helps

learners grasp how intelligent systems are built and used in the modern world.

1.1.1.1 Meaning of Al

Artificial Intelligence refers to the capability of a machine or computer system to
perform tasks that normally require human intelligence. It involves creating systems
that can think, learn, solve problems, understand language, and make decisions similar
to humans. In simple terms, Al is about making machines behave “smart” by enabling
them to analyze information, learn from experience, and act independently.
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Definition of Artificial Intelligence

Artificial Intelligence (Al) is defined as the field of computer science that deals with
designing and developing intelligent machines that can perform cognitive functions such
as reasoning, learning, perception, and decision-making. According to John McCarthy,
who coined the term Al, “Artificial Intelligence is the science and engineering of
making intelligent machines.” Another widely accepted definition is that Al is “the
ability of a machine to learn, adapt, and perform tasks that would normally require
human intelligence.”

Al essentially brings together data, algorithms, and processing power to develop
systems capable of imitating human thought and actions. It makes use of technologies
such as machine learning, natural language understanding, robotics, and computer
vision to perform intelligent tasks. By knowing what Al means and how it is defined,
learners can better understand how smart systems are designed to support, improve, and
sometimes automate various human activities across different domains.

1.1.1.2 Evolution of Al

The evolution of Artificial Intelligence began infthe 1950s when researchers first
explored the idea of creating machines that could think like humans. Early pioneers
such as Alan Turing proposed that machinesgscould,simulate reasoning, and in 1956,
John McCarthy introduced the term Artificial Intelligence atthe Dartmouth Confer-
ence, marking the official birth of the field. During this period, researchers focused on
symbolic Al, where machines followed logical rules to solve problems.

John McCarthy was a pioneering computer scientist and
one of the most influential figures in the development of
Artificial Intelligence. Born in 1927, he introduced the
term “Auwtificial Intelligence” and defined its scope as the
seience and engineering of making intelligent machines.
McCarthy was instrumental in shaping early Al research
through his work on symbolic reasoning and formal
logic. He created the LISP programming language,
which became the standard language for Al research
for several decades. As a professor at institutions like
MIT and Stanford University, he mentored generations
of Al researchers. John McCarthy’s foundational ideas continue to influence
modern Al systems, making him a central figure in the history of artificial
intelligence.

In the 1960s and 1970s, Al systems saw growth through expert systems, which
attempted to imitate human decision-making using stored knowledge. However,
limitations in computing power and data led to a slowdown known as the A winter,
a time when research funding and interest decreased. Despite these challenges,
advancements continued quietly, especially in algorithms and neural networks.
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A major breakthrough came in the 1990s and 2000s with improvements in computer
processing, availability of large datasets, and development of machine learning
techniques. The rise of deep learning in the 2010s enabled machines to understand
speech, recognize images, translate languages, and play complex games like chess and
Go better than humans. Today, Al has evolved into an essential technology powering
applications in healthcare, finance, education, transportation, and everyday digital
devices, continuing to grow rapidly with new innovations like generative Al and
autonomous systems.

1.1.1.3 Characteristics of Intelligent Systems

Intelligent systems are computer-based systems designed to perform tasks that
normally require human intelligence. They are capable of understanding information,
learning from experience, making decisions, and interacting with their environment in
meaningful ways. These systems combine advanced algorithms, data processing, and
reasoning abilities to solve problems efficiently and support or automate various human
activities. Characteristics of Intelligent Systems are:

1. Learning Ability: Intelligent systems can learn from data, past experiences,
or feedback. This learning helps them improve performance over time
without being explicitly reprogrammed.

2. Adaptability: They can adjust their behavior\when new information or
unexpected changes occur in the environment, ensuring better decision-
making in dynamic situations.

3. Problem-Solving Skills: These systems can analyze situations, identify
possible solutions, compare alternatives, and choose the most effective
action similar to human reasoning.

4. Autonomy:/Intelligent systéms work with minimal human intervention.
Once trained or configured, they can perform tasks independently and make
their own decisions.

5. Perception: Theyyuse sensors or data inputs to gather information about
their surroundings. This helps them understand and respond to real-world
conditions (e.g., cameras, microphones, GPS).

6. Reasoning and Decision-Making: Intelligent systems can draw conclusions,
recognize patterns, and make logical decisions based on available data.

7. Natural Interaction: They can communicate with humans through speech,
text, gestures, or visual interfaces using technologies like natural language
processing and computer vision.

8. Efficiency and Accuracy: Intelligent systems can handle large amounts of
information quickly and provide precise results, reducing human error.
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1.1.1.4 Applications of Al

Artificial Intelligence has become a transformative technology across various sectors
by enabling machines to perform tasks that normally require human intelligence. With
the integration of machine learning, natural language processing, robotics, and data
analytics, Al systems can analyze large datasets, make informed decisions, automate
processes, and improve accuracy. The applications of Al continue to expand as
organizations adopt intelligent solutions to enhance productivity, reduce human effort,
and achieve better outcomes in real-world situations. Applications of Al are:

1. Healthcare

Al plays a significant role in modern healthcare by improving diagnosis, treatment,
and patient management. Machine learning models analyze medical images such as
X-rays, CT scans, and MRIs to detect diseases like cancer, fractures, and infections with
high accuracy. Al-powered systems assist doctors in predicting patient risks, deciding
treatment plans, and identifying early warning signs of health issues. Robotic-assisted
surgeries provide enhanced precision, while virtual health assistants support patients
with medicine reminders, symptom checking, and appointment scheduling.

2. Education

Al enhances teaching and learning by offering personalized educational experiences.
Intelligent tutoring systems adapt learning content based on student performance, while
automated grading tools help teachers save, time on agsessments. Al-driven analytics
identify learning gaps and suggest Suitable learning materials. Virtual classrooms,
chatbots, and Al-based language learninghapplications provide continuous support to
learners, making education more acces$ible and efficient.

3. Business and Finance

Al is widely used in business, to improve decision-making, customer service, and
financial operations. Financial institutions rely on Al for fraud detection, risk analysis,
credit scoring, and algorithmigcftrading. Businesses use Al chatbots to handle customer
queries 24/7, reducing résponse time and improving customer satisfaction. Predictive
analytics help companies forecast market trends, optimize inventory, and manage
supply chains effectively.

4. Transportation

Al revolutionizes transportation through innovations such as autonomous vehicles,
smart traffic systems, and predictive maintenance. Self-driving cars use sensors,
cameras, and Al algorithms to navigate, detect obstacles, and make real-time decisions.
Al-based systems analyze traffic patterns to reduce congestion and enhance road safety.
Airlines and railways use Al to predict delays, optimize routes, and maintain equipment
to ensure smooth operations.
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5. Manufacturing

Alimproves productivity and quality in manufacturing industries through automation
and intelligent monitoring. Industrial robots perform repetitive and dangerous tasks with
precision. Al systems detect defects in production lines, ensuring high-quality output.
Predictive maintenance solutions monitor machine conditions and identify potential
failures before they occur, reducing downtime and maintenance costs. Al also helps in
demand forecasting and optimizing production schedules.

6. Agriculture

Al supports farmers by providing insights that improve crop yield and resource
management. Drones and sensors collect real-time information about soil moisture, crop
health, and weather conditions. Al models analyze this data to recommend irrigation
schedules, fertilizer use, and pest control strategies. Automated farming equipment
like robotic harvesters and Al-driven crop monitoring tools reduce manual effort and
improve efficiency.

7. Security and Surveillance

Al enhances security systems by enabling automated monitoring and threat detection.
Facial recognition systems identify individualstin,real-time, while Al-driven video
analytics detect suspicious activities. In cybersecurity, Al algorithms identify malware,
phishing attempts, and unusual network behavior more quickly than traditional security
tools. This helps organizations protect their data and infrastructure effectively.

8. Entertainment and Media

Al is reshaping the entertainment industry through personalized recommendations,
content creation, and gaming. Streaming platforms like Netflix, Amazon Prime, and
YouTube use Al tonalyze user preferénces and suggest relevant movies or videos.
In gaming, Al creates respemnsive and challenging opponents. Al tools are also used in
animation, music composition, video editing, and special effects to enhance creativity.

9. Retail and E-Commerce

Al improves customer experience and operations in retail. Recommendation engines
analyze customer behavior to suggest products they are likely to buy. Retailers use Al
for dynamic pricing, inventory management, and supply chain optimization. Automated
checkout systems, smart shelves, and virtual try-on tools offer a more convenient
shopping experience for customers.

10. Smart Homes and IoT Devices

Al powers smart homes through voice assistants like Alexa, Siri, and Google
Assistant. These devices can control lights, appliances, security systems, and home
temperature. Al-based IoT devices learn user preferences and automate daily tasks,
making homes more energy-efficient and comfortable. Smart surveillance systems
monitor homes and alert users about unusual activities.
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1.1.2 Introduction to Cognitive Science

Cognitive Science is an interdisciplinary field that studies how the human mind
works; means how we think, learn, remember, solve problems, perceive the world,
and use language. It brings together knowledge from psychology, computer science,
neuroscience, linguistics, philosophy, and anthropology to understand the processes
behind human intelligence. The core idea of cognitive science is that the mind functions
like an information-processing system, where the brain receives input, interprets it, and
produces meaningful output.

Cognitive science explores various mental activities such as perception, attention,
memory, reasoning, decision-making, and language understanding. Researchers in this
field create theories and computational models to explain how these cognitive processes
occur. By studying both human thinking and artificial systems, cognitive science helps
us understand the nature of intelligence from biological and computational perspectives.

This discipline also forms the foundation for Artificial Intelligence (Al), as many Al
techniques are inspired by how humans learn and solve problems. Cognitive science
provides insights into creating intelligent machines that can“understand language,
recognize patterns, and make decisions. Overall, cognitive science bridges the gap
between natural intelligence and artificial intelligence, helping us/design systems that
learn and think in human-like ways.

1.1.2.1 Components of Cognitive Science

Cognitive Science is an interdisciplinary field that studies how the mind works
by combining knowledge from several s€ientific and philosophical disciplines. Each
component contributes unique methods and perspectives to understand thinking,
learning, perception, memoty, problemsSolving, and language. Together, these
components help researchers explain humian intelligence and develop artificial systems
that mimic cognitiye abilitiess€Components of Cognitive Science are explained below.

1. Psychology

Psychology studies httiman behavior and mental processes. In cognitive science, it
focuses on how people perceive information, learn, remember, make decisions, and
solve problems. Experimental psychology provides theories and models to explain how
the mind interprets and responds to different stimuli.

2. Neuroscience

Neuroscience examines the biological basis of cognition by studying the brain and
nervous system. It explores how neurons communicate, how different brain regions
support functions like memory and language, and how brain activity leads to thinking
and behavior. Brain imaging tools such as MRI, fMRI, and EEG help researchers
understand the neural mechanisms behind cognitive processes.
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3. Linguistics

Linguistics focuses on the structure, meaning, and use of language. In cognitive
science, it helps explain how humans understand, produce, and learn language. It also
examines how language reflects thought processes and how communication shapes our
understanding of the world.

4. Philosophy

Philosophy contributes fundamental questions about the nature of mind, knowledge,
reasoning, and consciousness. It helps define concepts like “thought,” “intelligence,”
and “free will,” and offers frameworks for understanding how mental processes can be
studied scientifically. Philosophical analysis also supports discussions about ethics in

Al and cognitive research.

5. Computer Science

Computer science provides computational models and algorithms that simulate
human thinking and intelligence. It forms the basis for artificiahintelligence, machine
learning, and neural networks, which try to replicate cognitive processes. Through
programming, modeling, and problem-solving techniques, computer science helps test
cognitive theories and build intelligent systemss

1.1.2.2 Human Cognition and Information Processing

Human cognition refers to the mental proeesses involved in acquiring, storing, and
using knowledge. These proces§es include pereéption, attention, memory, reasoning,
problem-solving, and decision-making.Thesinformation processing view of cognition
compares the human mind to @ computer both receive input, process it, store it, and
produce output. This appreach helps explain how people understand the world, learn
new information, and respond to sttuations (Fig 1.1.1).

1. Perception (Input Stage)

Perception is the progessithrough which the brain receives information from the
senses (vision, hearing, touch, taste, and smell). It helps us recognize objects, people,
sounds, and environments by interpreting sensory input. Perception forms the first step
of information processing.

2. Attention

Attention determines which information the brain focuses on while ignoring the rest.
Since humans cannot process everything at once, attention acts like a filter, selecting
important information for further processing. It influences how effectively we learn and
respond.

3. Memory (Storage Stage)

Memory stores information for short-term or long-term use.
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¢ Sensory Memory holds information for a few seconds.
¢ Short-Term (Working) Memory temporarily holds information being used.

¢ Long-Term Memory stores knowledge, skills, and experiences permanently.
Memory allows us to learn, recall facts, and apply past experiences to new
situations.

4. Thinking and Reasoning (Processing Stage)

Thinking involves manipulating information—analyzing, comparing, evaluating,
and creating new ideas. Reasoning helps us draw conclusions, make predictions, and
solve problems. These processes allow humans to understand complex concepts and
make logical decisions.

5. Problem-Solving

Problem-solving requires identifying a problem, gengrating possible solutions,
evaluating the best option, and applying it. Humans use strategies, past experience, and
creativity to solve problems effectively. This is a key cognitive ability used in daily life.

6. Decision-Making (Output Stage)

Decision-making is the process of choosifig an actionibased on available information.
It requires evaluating risks, benefits, and outcomes. This final stage of information
processing produces a response or behavior

7. Feedback and Learning

After performing an action, human§ learn from the results success, failure, or new
information. This feedback loopshelps improve future decisions and enhances learning.

HURIAN INFORMATIOMN PROCESSING WORKFLOW
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Fig. 1.1.1 Human Information Processing Workflow
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Human cognition and information processing describe the systematic way in which
the human mind handles information, from receiving sensory inputs to producing
responses and learning from outcomes. This framework highlights the roles of
perception, memory, thinking, and decision-making in shaping human behavior.
Understanding these processes is essential for modeling human intelligence and plays
a vital role in developing Al systems that can simulate, support, and enhance human
cognitive abilities.

1.1.2.3 Cognitive Models and Their Role in Al

Cognitive models are conceptual frameworks that describe how humans think, learn,
remember, reason, and make decisions. These models are developed based on research
in cognitive science and psychology. In Artificial Intelligence, cognitive models
are used to design systems that simulate or replicate human-like intelligence. They
provide a scientific basis for building Al systems that can process information, learn
from experience, solve problems, and interact intelligently with humans. Different
characteristic models are:

1. Information Processing Model

The Information Processing Model explains human cognition as/@ sequence of stages
through which information flows. According to thisymodeljpinformation is received
through sensory inputs, processed by the brain, stored in memory, and finally used to
produce responses. This model compares the human mind to a computer system and
emphasizes structured, step-by-step processing. In Al £his model influences the design
of traditional Al systems such a§ expert systemsyidécision-support systems, and prob-
lem-solving programs where input, progéssing, storage, and output are clearly defined
(Fig 1.1.2).

Fig. 1.1.2 Information Processing Model

2. Symbolic (Rule-Based) Cognitive Model

The Symbolic Cognitive Model represents human thinking using symbols, rules, and
logical relationships. Knowledge is stored in the form of facts and rules, and reason-
ing is performed using logical inference. This model assumes that intelligence arises
from the manipulation of symbols, similar to human logical reasoning. In Al, symbolic
models form the foundation of expert systems, logic-based Al, and knowledge-based
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systems. They are especially useful in domains where rules are clearly defined, such as
medical diagnosis or legal reasoning (Fig 1.1.3).

f,_" i'.l

=g Knowledge Base
=i=) [Rules = Facts)

3. Connectionist (Neural) Cognitive

The Connectionist Model is 1
brain. It consists of networks cdartificial neurons that work together
to process information. Lea adjusting the strength of connections
between neurons based on experi . ike symbolic models, connectionist models

forms the basis of
recognition, spee
1.1.4).

eep learning, which are widely used in image
anguage translation, and pattern recognition (Fig

Fig. 1.1.4 Connectionist (Neural) Cognitive Model

4. Probabilistic Cognitive Model

The Probabilistic Cognitive Model explains human reasoning in situations involving
uncertainty. Humans often make decisions without complete information, and probabi-
listic models capture this behavior using probability theory. These models estimate the
likelihood of different outcomes and select the most probable one. In Al, probabilistic
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models such as Bayesian networks are used in prediction systems, medical diagnosis,
robotics, and risk assessment, where uncertainty and incomplete data are common (Fig
1.1.5).

Causes

L5 2

L w

Probability Predicted
Model Qutcome

Fig. 1.1.5 Probabilistic Cognitive Model

5. Cognitive Architecture Model

Cognitive architecture models aim to represent the overall structure of human cogni-
tion by integrating multiple cognitive processes such as perception, memory, learning,
reasoning, and action. Rather than focusing on a single tasky these models attempt to
simulate general human intelligence. In Al, cognitive archi res like ACT-R and
SOAR are used to develop intelligent agents that can learn, adapt,yand perform a vari-
ety of tasks in a human-like manner. These models emph
learning (Fig 1.1.6).

Fig. 1.1.6 Cognitive Architecture Model

Role of Cognitive Models in AI

Cognitive models play a vital role in Al by helping researchers understand human
intelligence and apply those insights to machine systems. They guide the development
of intelligent algorithms, improve human—computer interaction, support learning and
adaptation, and contribute to explainable and ethical Al. By using cognitive models, Al
systems become more transparent, flexible, and aligned with human thinking.

1. Understanding Human Intelligence

Cognitive models help Al researchers understand how humans think and learn,
providing insights that guide Al system design.

SREENARAYANAGURU
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2. Designing Intelligent Systems

Al systems use cognitive models to simulate human-like reasoning, learning, and
decision-making.

3. Improving Human—Computer Interaction

By modeling human cognition, Al systems can interact more naturally with users
through speech, gestures, and adaptive interfaces.

4. Enhancing Learning and Adaptation

Cognitive models enable Al systems to learn from experience, adapt to new situations,
and improve performance over time.

5. Ethical and Explainable Al

Cognitive models support explainable AI by makingamachine decisions more
transparent and understandable to humans.

Cognitive models serve as a bridge betweenshuman cognition and artificial
intelligence. Each model whether symbolic, neural, probabilistie, or architectural
contributes uniquely to the development of intélligent systems. Together, they help Al
systems think, learn, and decide in ways that closely resemble human intelligence.

1.1.3 Goals of Al

The primary goal of Artificial Intelligence 1s'to"develop machines and systems that
can perform tasks requiring human intelligence. Al aims to simulate human cognitive
abilities such as learning, reasoning, problem-solving, perception, and decision-making.
By achieving these goals;’Al seeks to enhance human capabilities, automate complex
processes, and improve efficiency andaccuracy across various domains. Key points as
follows:

1. Replicating Human Intelligence

One of the main goals of Al is to replicate human intelligence in machines. This
involves enabling systems to think, reason, and make decisions in a way similar to
humans. By modeling human cognitive processes, Al systems can handle complex
tasks such as understanding language, recognizing patterns, and solving problems.

2. Learning from Experience

Al aims to create systems that can learn from data and experience rather than relying
only on predefined rules. Through techniques like machine learning and deep learning,
Al systems can improve their performance over time. This goal helps Al adapt to
changing environments and handle new or unseen situations effectively.
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3. Problem-Solving and Reasoning

Another important goal of Al is to enable machines to solve problems logically
and efficiently. Al systems analyze available information, apply reasoning strategies,
and generate optimal solutions. This capability is essential in areas such as planning,
diagnostics, and strategic decision-making.

4. Knowledge Representation and Management

Al seeks to represent human knowledge in a form that machines can understand and
use. This includes organizing facts, rules, relationships, and experiences in structured
formats. Effective knowledge representation allows Al systems to reason, infer new
information, and support intelligent decision-making.

5. Perception and Understanding

A key goal of Al is to enable machines to perceive and interpret the world through
inputs such as images, sound, and text. Technologies like €omputer vision, speech
recognition, and natural language processing help Al systems understand their
environment and interact meaningfully with humanst

6. Automation and Efficiency

Al aims to automate repetitive, time-consuming, and complex tasks to reduce human
effort and increase productivity. Automation improves speed, accuracy, and consistency
in processes across industries such as manufaeturing, healthcare, finance, and education.

7. Human—Machine Interaction

Another goal of Al is to create systems that can interact naturally and intelligently
with humans. Al-powefed chatbots, virtual assistants, and recommendation systems are
designed to commuhnicate, understand user needs, and provide personalized responses.

8. Ethical and Responsible Intelligence

Modern Al also focusésion developing systems that are ethical, transparent, and fair.
Ensuring explainability, accountability, privacy, and bias reduction is an important goal
as Al systems increasingly influence society.

The goals of Al extend beyond automation to creating intelligent systems that can
learn, reason, perceive, and interact in human-like ways. By achieving these goals, Al
supports innovation, enhances decision-making, and contributes to solving complex
real-world problems responsibly.

Human cognition and information processing describe the systematic way in
which the human mind handles information, from receiving sensory inputs to pro-
ducing responses and learning from outcomes. This framework highlights the roles
of perception, memory, thinking, and decision-making in shaping human behavior.
Understanding these processes is essential for modeling human intelligence and plays
a vital role in developing Al systems that can simulate, support, and enhance human
cognitive abilities.
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Recap
¢ Artificial Intelligence (Al) focuses on developing machines that can perform
tasks requiring human intelligence.

¢ Alsimulates cognitive abilities such as learning, reasoning, problem-solving,
and decision-making.

¢ Cognitive Science is an interdisciplinary field that studies how the human
mind processes information.

¢ Psychology contributes to Al by explaining human learning, memory, and
behavior.

¢ Neuroscience provides insights into brain structure and neural functioning
relevant to intelligent systems.

¢ Linguistics supports Al in understanding and generating human language.

¢ Philosophy contributes logic, reasoning, and ethical petspectives to Al
development.

¢ Computer Science provides algorithms, dataystructures,«and computational
models for building Al systems.

¢ Human cognition follows an information prog¢essing approach involving
input, processing, memory,.and output.

¢ Cognitive models represent how humans think and are used to design
intelligent machines.

¢ Information processing moedels explain cognition as a step-by-step flow of
informationt

¢ Symbolic (rule-based) models use logic and rules to simulate human
reasoning.

¢ Connectionist models are inspired by the human brain and form the basis of
neural networks.

¢ Probabilistic models handle uncertainty in human decision-making using
probabilities.

¢ The main goals of Al include replicating human intelligence, learning from
experience, automation, and ethical decision-making.
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Objective Type Questions

2 L & e &

10.
I1.
12.
13.
14.
15.
16.
17.
18.
19.
20.

. What is Artificial Intelligence (AI)?

Which field studies how the human mind processes information?

Name the interdisciplinary field that combines psychology, neuroscience,
linguistics, philosophy, and computer science.

Which component of cognitive science focuses on human behavior and
mental processes?

Which branch studies the brain and nervous system in relation to cognition?
Which discipline helps Al understand and generate human language?
Which cognitive science component deals with logic, reasoning, and ethics?
Which field provides algorithms and computational medels for AI?

What model views human cognition as input, processing, memory, and
output?

Which cognitive model uses symbol§and rulesito représent knowledge?
What type of model forms the basis of expert systems?

Which cognitive model isimspired by the human brain structure?

What Al technology is'based on€onnectionist models?

Which model handles uncertainty using probability theory?

Name a probabilistic model'eommonly used in Al

What is a cognmitive architecture?

Which cognitive architecture integrates perception, memory, and reasoning?
What is one primary goal of Artificial Intelligence?

Which goal of Al focuses on improving performance through experience?

Which goal of Al emphasizes fairness, transparency, and accountability?

Answers to Objective Type Questions

1.

Development of machines that can perform tasks requiring human
intelligence.

Cognitive Science

Cognitive Science
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4. Psychology

5. Neuroscience

6. Linguistics

7. Philosophy

8. Computer Science

9. Information Processing Model

10. Symbolic (Rule-Based) Model

11. Symbolic or Rule-Based Model

12. Connectionist Model

13. Neural Networks

14. Probabilistic Model

15. Bayesian Network

16. A framework that models the overall@tructuré,of humani€ognition

17. ACT-R or SOAR

18. To replicate human intelligence in machines

19. Learning from experience

20. Ethical and responsible Al

Assignments

1. Explain the conceptof Artificial Intelligence (Al) and discuss its significance
in modern computing systems.

2. Describe Cognitive Science and explain how its major components contribute
to the development of Artificial Intelligence.

3. Discuss the different types of cognitive models used in Al, explaining their
structure and role in simulating human intelligence.

4. Explain the goals of Artificial Intelligence with suitable examples from real-
world applications.

5. Analyze the relationship between human cognition and Al highlighting how

information processing models influence intelligent system design.
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Unit 2
Al Approaches and Techniques

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ understand the fundamental concepts, definitions, and goals of Artificial
Intelligence and its major approaches

¢ explain the principles and working of Symbolic Al add Subsymbolic Al with
suitable examples

¢ apply knowledge of Al techniques such as eXpert systems, neural networks,
and machine learning to solve basic real-world‘problems

¢ differentiate and analyze the advantages ‘and limitations of Symbolic,
Subsymbolic, Knowledge-Based, and Data-Driven Al approaches

¢ ecvaluate and analyze appropriate Al approaches for given application
domains such as healthcar€, education,'er.decision support systems

Prerequisites

Artificial Intelligence approaches“and techniques are highly relevant in today’s
technology-driven, worldgfas Al )plays a major role in transforming industries such
as healthcare, education, banking, transportation, manufacturing, and entertainment.
Understanding this topic helps students learn how intelligent systems think, reason,
learn, and make decisions. Knowledge of Symbolic, Subsymbolic, Knowledge-
Based, and Data-Driven approaches enables learners to choose appropriate Al
methods for real-time applications like medical diagnosis systems, voice assistants,
recommendation systems, fraud detection, and intelligent tutoring systems. Studying
this topic strengthens analytical thinking, problem-solving skills, and provides a strong
foundation for advanced Al subjects.

The advantages of studying this topic include improved technical competence,
better career prospects, and readiness for future technologies. Learners gain benefits
such as enhanced logical reasoning, adaptability to emerging technologies, and the
ability to develop intelligent solutions for real-world problems. To study this topic
effectively, learners should have basic knowledge of programming, algorithms,
and logical reasoning, along with a fundamental understanding of mathematics and
statistics. Access to a computer system, appropriate learning resources, and an interest
in innovation further support successful learning of Artificial Intelligence concepts.
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Keywords

Artificial Intelligence, Symbolic Al, Subsymbolic Al, Knowledge-Based Systems, Data-
Driven Techniques, Expert Systems, Machine Learning, Neural Networks, Inference
Mechanism, Decision Making

Discussion

1.2.1 Introduction to Artificial Intelligence

Al has become a core technology used in healthcare, education, banking,
manufacturing, transportation, entertainment, and many other domains. An Al system
typically works by sensing the environment through data, processing that data using
algorithms and models, learning patterns or rules, and finally acting or making decisions
based on the learned knowledge. Over the years, different approaches and techniques
have been developed to build intelligent systems.

1.2.2 Symbolic AI (Classical AI) Approach

Symbolic Artificial Intelligence is one of the eatliest and /most foundational
approaches in Al It is based on the idea that'human intelligence can be represented
using symbols, logic, and explicit rules. In this approach, the real world is modeled using
symbolic representations such as words, numbers, predicates, and logical expressions.
The system reasons by manipulating these'symbols using well-defined rules, similar to
how humans use logic and language.

Symbolic Al strongly believes thatdeognition is a form of symbol manipulation.
Knowledge is explicitly encoded by human experts and stored in structures such
as rules, frames, semanti¢’ networks, andfontologies. Problem-solving is carried out
through logical infetence and search'mechanisms.

¢ Khnowledge Representation in Symbolic Al

Knowledge representation 1s a key component of symbolic AI. Common techniques
include:

* Logic-based representation (Propositional Logic, Predicate Logic)
* Rule-based systems (IF-THEN rules)

» Semantic Networks

* Frames and Scripts

* Ontologies

For example, a rule-based system may represent knowledge as: IF temperature >
38°C AND cough = yes THEN diagnosis = flu

Such rules clearly show how conclusions are derived, making symbolic systems
highly interpretable.
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¢ Reasoning and Inference Mechanisms

Symbolic Al systems use inference engines to apply logical reasoning. Common
inference methods include:

¢ Forward Chaining: Reasoning from facts to conclusions
¢ Backward Chaining: Reasoning from goals to facts
¢ Resolution-based reasoning

Expert systems like MYCIN (medical diagnosis system) used backward chaining to
identify bacterial infections and recommend antibiotics.

1.2.2.1 Techniques in Symbolic Al

Expert systems are one of the most widely used techniques in symbolic Al, designed
to mimic the decision-making ability of a human expert. These systems store domain-
specific knowledge in the form of facts and IF-THEN rules mside a knowledge base.
An inference engine applies logical reasoning techniques, such as forward chaining
or backward chaining, to derive conclusions. Expert'systems are capable of providing
advice, diagnosis, and solutions based on the given mput data./Expert systems are
commonly used in areas like medical diagnosis, fault,detection; and decision support
systems. For example, a medical expert system can analyze symptoms provided by a
patient and suggest possible diseases and treatments. The main advantage of expert
systems is their explainability, as they can justify how aparticular decision was reached.
However, they are limited to thetknowledge explieitly provided by human experts.

Automated Theorem Proving is¢a symbolic Al technique that focuses on
automatically proving logical'and mathematical statements using formal reasoning. In
this approach, knowlédge is represented using propositional or predicate logic, and
proofs are generated by applying inference rules such as resolution and unification.
The system checks whether a given statement logically follows from a set of known
axioms and facts. This technigue is widely used in mathematical proof verification,
software correctness cheeking, and artificial intelligence research. Automated theorem
proving ensures high accuracy because conclusions are derived strictly based on logical
rules. However, the approach works best in well-structured domains and may become
complex when dealing with large or highly dynamic problem spaces.

Planning systems in symbolic Al are used to determine a sequence of actions required
to achieve a specific goal starting from an initial state. STRIPS (Stanford Research
Institute Problem Solver) is a well-known planning system that represents actions using
preconditions, add lists, and delete lists. These elements describe what must be true
before an action can occur and how the action changes the system state. STRIPS-based
planning systems are used in robotics, automated scheduling, and logistics planning.
For example, a robot can use STRIPS to plan the steps needed to move an object from
one location to another. This technique demonstrates how symbolic representations and
logical reasoning help Al systems perform goal-oriented planning effectively.
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Logic programming is a symbolic Al technique where programs are written using
facts, rules, and queries instead of step-by-step instructions. Prolog is the most popular
logic programming language used in artificial intelligence. It uses logical inference and
pattern matching to answer queries by applying rules and exploring possible solutions
through backtracking. Logic programming is commonly used in expert systems, natural
language processing, and knowledge representation. For example, family relationships
can be easily expressed using Prolog rules such as parent and ancestor relationships.
This technique is powerful for problems that require reasoning, rule-based inference,
and symbolic knowledge representation.

1.2.2.2 Applications

¢ Medical diagnosis systems
¢ Legal advisory systems

¢ Automated planning

¢ Intelligent tutoring systems

¢ Chess and board-game Al

1.2.2.3 Advantages of Symbolic AL

¢ High transparency and explainability : Symbolic Al systems clearly
explain how decisions atesfmade because knowledge is represented using
explicit rules and logicdl reasoning:

¢ Suitable for rule-defined domains : Symbolic Al works effectively in
domains wheresproblems can be clearly defined using rules, such as expert
systems and‘decision-support-applications.

¢ Easy to debug'and validate : Errors in symbolic Al systems can be easily
identified and corrected by checking the rules and logic, making system
validation simplet

1.2.2.4 Limitations of Symbolic Al

¢ Unable to handle uncertainty effectively : Symbolic Al systems struggle
with uncertain, incomplete, or ambiguous information because they rely on
fixed rules and logic.

¢ Poor adaptability and learning : These systems cannot learn automatically
from experience and require manual updating of rules to handle new
situations.

¢ Knowledge acquisition bottleneck : Collecting, organizing, and encoding
expert knowledge into rules is time-consuming and difficult, limiting system
scalability.
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¢ Notsuitable for perception-based tasks like vision and speech : Symbolic

Al performs poorly in tasks such as image recognition and speech processing,
where pattern recognition and learning from data are required.

1.2.3 Subsymbolic AI Approach

The Subsymbolic Al Approach focuses on learning from data rather than using
explicit rules and symbols. In this approach, intelligence emerges from the interaction
of simple processing units, inspired by the human brain. Knowledge is not stored as
clear rules but is distributed across parameters such as weights in a neural network.
Subsymbolic Al is especially effective for solving complex, real-world problems

involving uncertainty, noise, and large volumes of data.

1.2.3.1 Techniques in Subsymbolic Al

1.

ook v N

Artificial Neural Networks
Deep Learning

Genetic Algorithms

Fuzzy Logic

Swarm Intelligence

1.2.3.2 Advantages of Subsymbolic Al

1.

Ability to learn fromddata : Subsymbolic Al systems can automatically
learn patterns and improve performance through training on large datasets.

Effective handling of uneertainty‘and noise : These systems perform well
even when data is incompletejnoisy, or uncertain.

Suitable forpereeption-based tasks : Subsymbolic Al excels in image
recognition, speech prog¢essing, and pattern recognition tasks.

Adaptability to complex environments : The systems can adapt to changing
environments without explicit reprogramming.

1.2.3.3 Limitations of Subsymbolic Al

1.

Lack of transparency and explainability : Decisions made by subsymbolic
models are difficult to interpret due to their black-box nature.

Requires large amounts of data : Training subsymbolic Al systems needs
extensive datasets to achieve accurate results.

High computational cost : These approaches require significant processing
power and memory.

Difficult to debug and validate : It is hard to identify errors and validate
reasoning since knowledge is not explicitly represented.
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1.2.4 Knowledge-Based Approach

The Knowledge-Based Approach in Artificial Intelligence focuses on using explicitly
stored domain knowledge to solve problems and make decisions. In this approach,
intelligence is achieved by representing human expertise in the form of facts, rules,
and relationships. A knowledge-based system mimics the reasoning process of a human
expert by applying logical inference to the stored knowledge. This approach is mainly
used in domains where expert knowledge is well defined and stable.

1.2.4.1 Techniques in Knowledge-Based Systems

1. Rule-Based Reasoning
Case-Based Reasoning
Frame-Based Representation

Ontology-Based Systems

A

Semantic Networks

1.2.4.2 Advantages of Knowledge-Based Approach

1. High accuracy in specific domains : Knowledge-based systems provide
reliable and accurate results when/expert knowledge is clearly defined.

2. Explainable decision-making : The system can explain how conclusions
are reached, which increases trust and transparency.

3. Consistency in decisions : The system produces consistent results for
similar inputs without'human bias.

4. Useful for decision support: This approach is highly effective in advisory
and decision-suppeft applications.

1.2.4.3 Limitations of Knowledge-Based Approach

1. Knowledge acquisition bottleneck : Collecting and encoding expert
knowledge into the system is time-consuming and difficult.

2. Limited learning capability : These systems cannot automatically learn
from new data and require manual updates.

3. Poor scalability : Expanding the knowledge base becomes complex as the
system grows.

4. Not suitable for dynamic environments : Knowledge-based systems
perform poorly in rapidly changing or uncertain environments.
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1.2.5 Data-Driven Techniques

Data-Driven Techniques in Artificial Intelligence focus on learning patterns, trends,
and relationships directly from large volumes of data. Unlike knowledge-based
systems, these techniques do not depend on explicitly defined rules but improve their
performance through experience and data analysis. The effectiveness of data-driven Al

depends on the quality and quantity of data used for training.

1.2.5.1 Techniques in Data-Driven Al

1.

wok w N

Machine Learning
Deep Learning
Data Mining
Statistical Learning

Reinforcement Learning

1.2.5.2 Advantages of Data-Driven Technigques

1.

Automatic learning from data : Datasdriven Systems_g¢an learn patterns
and improve accuracy without managal rule creation.

High scalability : These techniques perform well with large datasets and
complex problem domains.

Effective handling of €omplex tasks : Data-driven Al excels in tasks such
as image recognition, speech pfocessing, and prediction.

Continuous improvement : Systém performance improves as more data
becomes available.

1.2.5.3 Limitations’ef Data-Driven Techniques

1.

Dependence ondarge datasets : A large amount of high-quality data is
required for accurate learning.

Lack of explainability : Many data-driven models act as black boxes,
making decision interpretation difficult.

High computational cost : Training models requires significant processing
power and time.

Privacy and ethical issues : Using large datasets may raise concerns related
to data privacy and bias.
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1.2.6 Comparison of AI Approaches

Table 1.2.1 Comparison of AI Approaches

Symbolic AI | Subsymbolic Knowledge- Data-Driven
Aspect Approach Al Approach Based Techniques
PP PP Approach 1
Uses symbols, Kngwls:dge Uses facts, rules, | Knowledge is
Knowledge i is distributed Lo
. logic, and : . frames, and learned implicitly
Representation . in weights or .
explicit rules ontologies from data
parameters
Learning No automatic Learns from Limited or no Strong learning
Ability learning data through learning capability
training
Handling Poor 2.1‘[ Handles lelted. Handle§ .
Uncertaint handling ncertainty well uncertainty uncertainty using
Y uncertainty " A handling statistical models
Data Low data Requires large | Low data Requires large
Requirement | requirement | datasets requitement volumes of data
e Low High . . o
Adaptability adaptability | adaptabllity Low adaptability | High adaptability
Rule-based Pattern .. Complex, real-
o . . Expert decision- .
Suitability and logical recognition and . .| world prediction
. making domains
problems perceptiomtasks tasks
Expert Neural Medical Recommendation
Examples systems, game | networks, deep | diagnosis systems, fraud
Al learning systems detection
Computational Low High Moderate High
Cost
Recap

¢ Artificial Intelligence (AI) is a field of computer science that aims to
create machines capable of performing tasks that normally require human
intelligence.

¢ Al systems can perform activities such as learning, reasoning, problem-
solving, pattern recognition, and decision-making.

¢ An Al system works by sensing data from the environment, processing it
using algorithms, learning knowledge, and taking actions.

1
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Over time, several approaches and techniques have been developed to
achieve artificial intelligence.

Symbolic Al (Classical Al) represents intelligence using symbols, logic, and
explicit human-defined rules.

Symbolic Al is based on the belief that human reasoning is a form of symbol
manipulation.

Knowledge representation in Symbolic Al uses rules, logic, frames, semantic
networks, and ontologies.

Inference mechanisms such as forward chaining, backward chaining, and
resolution are used to derive conclusions.

Expert systems are an important Symbolic Al technique used for decision-
making, diagnosis, and advisory applications.

Other Symbolic Al techniques include Automated yTheorem Proving,
Planning Systems (STRIPS), and Logic Programming (Prolog).

Applications of Symbolic Al include medicalidiagnosis, legal advisory
systems, automated planning, tutoring$ystéms, andboard'games.

The advantages of Symbolic Al include high transparency, explainability,
and ease of debugging.

The limitations of Symbelic AT include peerhandling of uncertainty, lack of
learning ability, and knowledge a€quisition difficulty.

Subsymbolic Al focuses on learning from data rather than using explicit
rules and symboli¢’representations.

Techniques in Subsymbolic Al include Neural Networks, Deep Learning,
Genetic Algotithms, Fuzzy Logic, and Swarm Intelligence.

Subsymbolic Al gisg@ffective in handling uncertainty, noisy data, and
perception-based tasks like vision and speech.

The limitations of Subsymbolic Al include lack of explainability, high
computational cost, and large data requirements.

The Knowledge-Based Approach relies on explicitly stored expert knowledge
to solve problems logically.

Data-Driven Techniques learn patterns and relationships directly from large
datasets using machine learning methods.

Modern Al systems often integrate multiple approaches—symbolic,
subsymbolic, knowledge-based, and data-driven—to build powerful and
intelligent solutions.
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Objective Type Questions

[
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What does Al stand for?

Which AT approach uses symbols and logic?

Symbolic Al is also knownas Al

What type of rules are used in expert systems?

Which medical expert system is a classic example of Symbolic AI?
Which reasoning method starts from facts to conclusions?

Name the logic programming language used in Al

Which planning system uses preconditions and add-delete lists?

Which AT approach learns from data instead of rules?

. What is the basic unit of Artificial Neural Networks?
. Which Al approach is suitable for image recognition?
. What type of Al suffers from the black-box problem?
. Which approach stores explicit domain knowledge?

. Which technique improves performancemusing experience and data?

15.

Which Al approach depends heavily on large datasets?

Answers to Objective Type Questions

1.

2 g =& ey - oS R

Artificiallntelligence
Symbolic

Classical

IFTHEN

MYCIN
ForwardChaining
Prolog

STRIPS

Subsymbolic

10. Neuron
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11. Subsymbolic
12. Subsymbolic
13. KnowledgeBased
14. MachineLearning

15. DataDriven
Assignments

1. Describe the applications of Symbolic Al. Explain how it is used in medical,
legal, and planning systems.

2. Whatis the Subsymbolic Al approach? Explain how itdiffers from Symbolic
Al

3. What are Data-Driven Techniques in Artificial Intelligence?

4. Write an essay on the evolution ofdArtificial, Intelligence approaches and
their importance in modern applications.

5. Explain Artificial Neural Networks and Deep Learning as Subsymbolic Al
techniques with real-world@pplications.
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Unit 3
Intelligent Systems

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ explain the concept of intelligent systems, agents, and environments with
suitable examples

¢ describe the characteristics and functionalities of, intelligent agents in
different environments

¢ illustrate the working principles of reactive, deliberative, and hybrid
intelligent systems using real-time applications

¢ differentiate between reactive, deliberative, and hybfid systems based on
decision-making, planning, and adaptability

¢ analyze real-world systems to identify the type of intelligent system and
justify the choice of agent@rchitecture

Prerequisites

Consider a self-driving carused m'modern transportation systems. The car can sense
its surroundings using_eameras and sensors, identify obstacles, follow traffic rules,
plan optimal routes, and makedecisions such as braking or changing lanes. It reacts
immediately to sudden event§ like pedestrians crossing the road, while also planning
long-term navigation to reach the destination safely. This real-time system clearly
demonstrates how intelligent systems operate using agents, environments, and decision-
making mechanisms. The study of Intelligent Systems is essential because modern
computing systems are no longer limited to executing predefined instructions. Today’s
systems are expected to think, adapt, learn, and make decisions similar to humans.
Understanding intelligent systems helps learners grasp the foundation of Artificial
Intelligence, including how machines perceive their environment, reason logically, and
act autonomously. This topic forms the backbone for advanced Al applications used in
robotics, automation, healthcare, education, and smart technologies. Al-based systems
build a strong foundation for advanced topics such as machine learning, robotics, and
autonomous systems.




Keywords

Intelligent Systems, Artificial Intelligence, Agent, Environment, Sensors, Actuators,
Intelligent Agents, Autonomy, Reactivity, Deliberative Systems, Reactive Systems,
Hybrid Systems.

Discussion

1.3.1 Introduction to Intelligent Systems

Intelligent Systemsrepresenta class of computer-based systems capable of performing
tasks that normally require human intelligence. Such tasks include perception, reasoning,
learning, decision-making, problem-solving, and interaction with the environment. The
development of intelligent systems is a core objective of Artificial Intelligence (AI) and
has become increasingly significant due to advancements in computing power, data
availability, and algorithmic techniques An intelligent system does not simply execute
predefined instructions Instead, it perceives its surroundings threugh sensors, interprets
the information, reasons about possible actions, and acts upon the environment using
actuators. Examples of intelligent systems include autonomous robots, expert systems,
recommender systems, intelligent tutoring systems, smart assistants, and self-driving
vehicles. At the heart of any intelligent systém lics the conceptof an agent. An agent
1S an autonomous entity that observes it$ environment, and takes actions to achieve
specific goals.

1.3.2 Concept of Agents"and Envitenments

In Al, intelligence is commonly modeled using the concept of agents. An agent
is anything that can perceive its enviromment through sensors and act upon that
environment throughfactuators. The environment includes everything external to the
agent that affects its performanee.

For example:

¢ Ahuman agent uses eyes and ears as sensors and hands and legs as actuators
¢ A robot uses cameras and infrared sensors and motors as actuators

¢ A software agent uses data streams as sensors and screen or network outputs
as actuators

Understanding environments is crucial in designing intelligent agents.
1. Observable vs Partially Observable

¢ Fully Observable — Complete state is accessible

¢ Partially Observable — Limited information
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2. Deterministic vs Stochastic
¢ Deterministic — Outcomes are predictable

¢ Stochastic — Outcomes involve randomness

3. Episodic vs Sequential
¢ Episodic — Decisions are independent

¢ Sequential — Current actions affect future states

4. Static vs Dynamic

¢ Static — Environment does not change

¢ Dynamic — Environment changes during reasoning

1.3.3 Intelligent Agents

An Intelligent Agent is an entity that perceives itslenvironment through sensors and
acts upon that environment through actuators in orderto,achieve its goals. Agents can
be software-based (such as virtual assistants) erthardware-based (Such as robots).

Examples:

¢ A thermostat that controls room temperature
¢ A self-driving car
¢ A recommendation system on an e-gommerce platform

¢ A chess-playing program

1.3.3.1 Charaeteristics of Intelligent Agents

Intelligent agents exhibiti§everal defining characteristics that distinguish them from
simple automated systems. One of the most important characteristics is autonomy.
Autonomy refers to the ability of an agent to operate independently, without continuous
human guidance or intervention. An autonomous agent controls its own internal states
and actions, making decisions based on its perceptions and experiences rather than
fixed external commands. Autonomy allows intelligent systems to scale effectively and
operate in complex, real-world environments.

Another key characteristic is reactivity. Reactivity is the ability of an agent to per-
ceive changes in its environment and respond to them in a timely manner. A reactive
agent does not ignore environmental stimuli; instead, it continuously monitors its
surroundings and adjusts its behavior accordingly. This characteristic is particularly
important in dynamic environments where conditions may change rapidly, such as in
robotics or traffic control systems.
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Proactiveness is closely related to autonomy but extends beyond simple reaction. A
proactive agent does not merely respond to events but takes initiative by setting goals
and acting to achieve them. Proactiveness enables agents to anticipate future situations
and plan actions in advance. For example, a proactive intelligent assistant may remind
users of upcoming tasks or suggest actions based on predicted needs.

Rationality is another defining feature of intelligent agents. A rational agent selects
actions that maximize its expected performance given its perceptions, knowledge, and
available resources. Rationality does not imply perfection; rather, it means doing the
best possible action under given constraints. This concept provides a theoretical frame-
work for evaluating and designing intelligent agents.

Learning capability is an essential feature of truly intelligent agents. Through learn-
ing, an agent can improve its performance over time by acquiring new knowledge or
refining its existing behavior. Learning may occur through experience, observation, or
interaction with other agents. Systems that can learn are more adaptable and can handle
situations not explicitly anticipated during their design.

Finally, social ability characterizes agents that can communicate and cooperate with
other agents or humans. In many complex applicatiofisymultiple agents work together to
achieve shared objectives. Social ability enables coordination, negotiation, and collab-
oration, which are essential in multi-agent systems such as distributed Al applications
and smart infrastructures.

1.3.4 Types of Intelligent Systems

Based on how agents make degisions, intelligent systems are mainly classified into:

1. Reactive Systems
2. DeliberativesSystems

3. Hybrid Systems

1.3.4.1 Reactive Systems

A Reactive System is a type of intelligent system that responds directly to changes
in its environment without using internal models, reasoning, or planning mechanisms.
These systems are based on the principle of stimulus—response, where actions are taken
immediately after perceiving environmental inputs.

Reactive systems are often called simple intelligent systems because they do not
“think ahead” or learn from experience. Instead, they rely on predefined rules to function
effectively in real-time environments.

Reactive systems follow a condition—action rule mechanism:

IF (condition occurs) — THEN (perform action)
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There is:

¢ No internal world model

¢ No decision planning

¢ No goal reasoning

The system simply detects environmental changes and reacts instantly.

» Working Mechanism

-

5.

The system perceives the environment using sensors
The current percept is matched against predefined rules
A corresponding action is selected

The action is executed using actuators

The system immediately waits for the next percept

This cycle repeats continuously.

» Types of Reactive Agents

1. Simple Reflex Agents

¢ Act only based on currght percept

¢ Use condition—action rules

¢ Example: Automatic light System

2. Model-Free Reactive Agents

¢ No memory or reasonifg

¢ Only immediate response mechanisms

» Advantages of Reactive Systems

1.
2.

Simplicity : Easy to design and implement
Efficiency : Requires minimal computational resources

Real-Time Performance : Suitable for environments requiring immediate
action

Reliability : Predictable behavior

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning

9,




» Limitations of Reactive Systems

1. No Learning Capability : Cannot improve performance automatically
2. No Planning : Unable to anticipate future consequences

3. Poor Handling of Complex Tasks : Ineffective in dynamic or uncertain
environments

4. Rigid Behavior : Actions are fixed and cannot adapt easily

» Real-Time Example

Automatic Door System

¢ Sensor detects motion
¢ Door opens immediately
¢ No memory of past users
¢ No planning involved

This clearly illustrates the reactive nature of the system.

1.3.4.2 Deliberative Systems

A Deliberative System is an int€lligent system that plans its actions based on an
internal model of the world. Unlike reactive systems, which respond immediately to
environmental stimuli, deliberative systems think before acting. They are designed to
solve complex tasks that require reasoning,/decision-making, and planning over time.

Deliberative systéms are often calléd'model-based or goal-based agents because they
maintain a representation.ef the world and choose actions to achieve specific goals.

A Deliberative System is an intelligent agent that:

¢ Maintains an internal representation of the environment.
¢ Uses reasoning and planning to determine the best sequence of actions.

¢ Acts to achieve long-term goals rather than immediate responses.

» Working Mechanism

The working of a deliberative system generally follows these steps:

1. Perception : Collect information from the environment through sensors.
2. Model Update : Update the internal model based on current observations.

3. Planning : Generate a plan of actions to achieve a goal.
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4. Decision Making : Select the optimal action from the plan.
5. Execution : Perform the action using actuators.

6. Feedback : Observe results and update the model for future decisions.

» Advantages of Deliberative Systems

1. Can Solve Complex Tasks : Handles tasks requiring multi-step reasoning
and planning.

2. Supports Long-Term Goals : Plans actions to achieve objectives beyond
immediate reactions.

3. Adaptability : Can adjust plans based on changing environmental conditions.

4. Rational and Goal-Oriented : Makes decisions that maximize success
according to its performance measures.

» Limitations of Deliberative Systems

1. Slower Response Time : Planning and reasoning requité computation;
unsuitable for real-time systems.

2. Computationally Expensive : Requires significant memory and processing
power to maintain models and plan actions.

3. Complex Design : Designing accurate,models of the environment can be
difficult.

4. Limited in Highly Dynamic Environments : Rapidly changing
environments camimake plans obselete before execution.

» Real-Time Example

Autonomous Delivery Robot

¢ Perceives : Detects obstacles and layout of the room.
¢ Plans : Chooses optimal path to reach the delivery point.
¢ Acts : Moves along the planned route while avoiding obstacles.

¢ Updates : Re-plans if a new obstacle appears.

This shows deliberative behavior because the robot thinks ahead rather than reacting
blindly.

1.3.4.3 Hybrid Systems

A Hybrid System is an intelligent system that combines the strengths of both Reactive
and Deliberative systems. The goal is to achieve fast responses to environmental
changes while also supporting long-term reasoning and planning.
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Hybrid systems are used in real-world applications where purely reactive or purely
deliberative approaches are insufficient. They are common in autonomous robots, self-
driving vehicles, and complex industrial automation.

A Hybrid System is an intelligent agent that:

1.
2.
3.

Uses a reactive layer for immediate responses to environmental stimuli.
Uses a deliberative layer for reasoning, planning, and decision-making.

Integrates both layers through an executive layer to coordinate actions
effectively.

In other words, a hybrid system thinks and acts simultaneously.

» Working Mechanism

1.
2.

Perception : Sensors collect data from the environment.
Reactive Response : Immediate action is taken if urgent tesponse is needed.

Deliberative Planning : The system updates the internal model and plans
long-term actions.

Action Coordination : The executive layer decides which action (reactive
or planned) to execute.

Execution : Actuators carryrout the selected actions.

Feedback Loop : Thé environment,changes are sensed again, continuing
the cycle.

» Advantages of Hybrid Systems

1.

@,

Combines ‘Speéd and Intelligence : Fast reactive responses + strategic
deliberative planning.

Robustness

» Can handle both predictable and unpredictable situations.

Scalable and Adaptable

* Can be used in simple tasks (reactive or complex tasks
(deliberative).

Realistic for Real-World Applications

* Suitable for dynamic environments like autonomous
navigation.
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» Limitations of Hybrid Systems

1. Complex Design

* Designing interaction between reactive and deliberative layers
is difficult.

2. High Development Cost

* Requires significant computational resources and programming
effort.

3. Potential Conflicts Between Layers

* Reactive and deliberative actions may conflict; needs careful
coordination.

» Real-Time Example
Self-Driving Car:

¢ Reactive Layer: Immediately brakes when an ebject appears suddenly.

¢ Deliberative Layer: Plans optimalfoute to reach destination while avoiding
traffic.

¢ Executive Layer: Ensuressbraking or rerouting decisions are coordinated
correctly.

This allows the car to be both “safe and goal-oriented, demonstrating hybrid
intelligence.

1.3.5 Comparisongf“Intelligent Systems Types
Table 1.3.1 Comparison of Intelligent Systems Types

Feature Reactive Deliberative Hybrid

Speed Very fast Slow Medium—fast

Planning None Yes Yes

Complexity | Low High High

Memory No Yes Yes

Regl—wqud Simple tasks | Complex tasks | Dynamic, complex tasks
Suitability ’

Adaptability | Low Moderate High

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning o



Recap

¢ Intelligent Systems are computer-based systems capable of performing tasks
that require human-like intelligence such as perception, learning, reasoning,
and decision-making.

¢ These systems operate by perceiving the environment through sensors,
processing information, and acting through actuators to achieve predefined
goals.

¢ The core concept behind intelligent systems is the agent, which is an
autonomous entity that observes and acts upon its environment.

¢ Agents and environments together form the foundation of Artificial
Intelligence system design.

¢ An environment may be fully observable or partially,observable, depending
on the amount of information accessible to the agent.

¢ Environments can be deterministic or stochastic, where ‘Qutcomes may be
predictable or involve randomness.

¢ Based on decision dependency, envifonments, are classified as episodic or
sequential, and as static or dynami¢ based on‘whether changes occur over
time.

¢ Anintelligent agent is definedias an entity thatperceives its environment and
acts rationally to achiey€its goals.

¢ Intelligent agents possess essential characteristics such as autonomy,
reactivity, proactiveness,rationality, learning ability, and social ability.

¢ Reactive systems respond immediately to environmental stimuli using
condition—actiongules without planning or internal world models.

¢ Reactive systems aredsimple, fast, reliable, and suitable for real-time
applications but lack learning and planning capabilities.

¢ Deliberative systems maintain an internal model of the environment and plan
actions to achieve long-term goals using reasoning and decision-making.

¢ While deliberative systems are powerful and goal-oriented, they are
computationally expensive and slower, making them unsuitable for highly
dynamic environments.

¢ Hybrid systems combine reactive and deliberative approaches to achieve
both immediate responsiveness and strategic planning.

¢ Hybrid systems are widely used in real-world applications such as self-
driving cars and autonomous robots, as they provide a balanced, efficient,
and intelligent solution.
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Objective Type Questions

O
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16.

Which component of an intelligent system collects information from the
environment?

What do we call the actions performed by an agent on its environment?
Which concept forms the foundation of intelligent system design?

What type of environment changes while the agent is reasoning?

Which environment remains unchanged during the decision-making process?
Name the type of environment where outcomes are completely predictable.
Identify the environment in which only limited information is available.
What kind of agent acts only on the basis of the curtent percept?

Which intelligent system follows a condition—action rulémechanism?

. What type of system lacks planning and internabiworld models?

. Which system supports reasoning and long-term goaliachicvement?

. What is the term for the ability of/an agent to initiate goal-directed actions?
. Which characteristic enablessagentsto,improve performance over time?

. Name the ability that dllows intelligent agents to interact with other agents

or humans.

. What type of intelligent'system isdmnost suitable for real-time response?

Which type of systef balances fast reaction with careful planning?

Answers to Objeetive Type Questions

2 &N e @ o= R

Sensors

Actuations / Actions

Agent

Dynamic environment

Static environment
Deterministic environment
Partially observable environment

Simple reflex agent
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9. Reactive system

10. Reactive system

11. Deliberative system
12. Proactiveness

13. Learning

14. Social ability

15. Reactive system

16. Hybrid system

Assignments

1. Explain Intelligent Systems and the coficept of Agents in Artificial
Intelligence.

2. Describe the characteristics of Intelligent Agents in detatl.

3. Explain the concept of Agent Envitonments and ¢lassify environments with
suitable examples

4. Explain Reactive SyStems with working mechanisms, advantages,
limitations, and real-time examgples.

5. Compare Reactive, Deliberative,fand Hybrid Intelligent Systems with
suitable real<time examples:.
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Unit 4
Applications of Al

Learning Outcomes

After completion of this unit, the learner will be able to:

¢ explain the working of Natural Language Processing and its uses
¢ describe the operation of Al-based robots and intelligent algorithms
¢ explain the applications of Artificial Intelligence in healthcare

¢ identify the roles of Al in recommendation systems and autonomous vehicles
Prerequisites

Think about a normal day in your life. You unlock your mobile phone using your face
or fingerprint, ask a voice assistantstorset an alarm, séceive suggestions for videos or
products, and use online maps t0 reach your destination. You may also use health apps
or smartwatches that track your steps ot heart rate. All these activities feel simple and
familiar, yet they involve systems that can observe information, analyze it, and respond
intelligently. These systems arc designeddto perform tasks that usually require human
thinking, such as understanding language, recognizing patterns, and making decisions.

This unit is aboutth@applications of Artificial Intelligence that enable such intelligent
behavior in machines. Before studying this unit, you already have basic knowledge of
computers, data, and digital'devices. You know that computers can store information,
process data, and produce output. Artificial Intelligence builds on this basic knowledge
by allowing machines to learn from data and improve their performance over time.

In this unit, you will learn how Al is applied in different real-world domains.
You will understand how Natural Language Processing helps machines understand
human languages, how robots use sensors and Al algorithms to sense and act in
their environment, and how Al supports healthcare through medical imaging, virtual
assistants, and predictive analysis. You will also study how recommendation systems
suggest content based on user behavior and how autonomous vehicles make driving
decisions using sensors and Al models.




Keywords

Artificial Intelligence, Natural Language Processing, Robotics, Recommendation
Systems, Autonomous Vehicles

Discussion

1.4.1 Introduction to Applications of Al

Artificial Intelligence is widely used in many areas of our daily life, even though
we may not always realize it. Al refers to the ability of machines to perform tasks that
normally require human intelligence, such as thinking, learning, decision-making, and
problem-solving. In practical situations, Al applications are designed to analyze large
amounts of data, identify patterns, and take appropriate actions. For example, when
we search for information on the internet, Al helps in ranking search results. Similarly,
when mobile phones unlock using face recognition, Al is working behind the scenes.
Al applications are developed to reduce human effort, improve, accuracy, and increase
efficiency. These applications are especially useful in complexienvironments where
manual processing is slow or difficult. As aresult, Al hagbecome an important technology
in fields such as communication, healthcare, transportation, and entertainment.

Some common areas where Al is widely used are:

¢ Natural Language Processing (NLP)

Robotics

* o

Healthcare
¢ Recommendation Systems

¢ AutonomousS Vehicles

| APPLICATIONS |
L. OFAl 4
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Fig. 1.4.1 Applications of Al
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1.4.2 Al in Natural Language Processing

Natural Language Processing (NLP) is a branch of Artificial Intelligence that focuses
on enabling computers to understand, interpret, and generate human language. Human
beings communicate using natural languages such as English, Malayalam, Hindi, and
others, whereas computers operate using numerical and symbolic data. NLP helps
convert human language into a form that computers can process and understand. The
main objective of NLP is to allow machines to communicate with humans in a natural
and meaningful manner, similar to human-to-human communication.

1.4.2.1 How Natural Language Processing Works

Natural Language Processing works by taking human language as input, processing
it through several stages using Al techniques, and producing a meaningful output. The
input to an NLP system can be in the form of text (such as a sentence typed by a user) or
speech (such as a voice command). This input is first converted into a machine-readable
format so that the computer can analyze it.

Once the input is received, the NLP system processes the language in stages. First,
the text is broken into smaller parts through a process,called tokenization. Then, these
tokens are converted into numerical representations known as embeddings, which allow
the computer to understand the meaning and.s€lationship between words. After this, Al
models perform pattern recognition to analyze sentence\structure, context, emotion, or
intent. During this stage, the system identifies what the user is trying to communicate
or request.

The output of an NLP systeni 1s the final response generated after understanding the
input. The output may be in the formof text, speech, or an action. For example, the
system may display an answer, speak a response, translate a sentence, or perform a task
such as setting an alasmThe accuracy of'the output depends on how well the system
understands the inpit and recognizes language patterns.

\
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Fig. 1.4.2 Working of Natural Language Processing
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Examples

1. Voice Assistant

Google Assistant is an example of a voice assistant. When a user says “Set an alarm
for 6 a.m.”, the voice assistant listens to the command, understands it using NLP, and
then sets the alarm automatically.

2. Chatbot

A university admission chatbot available on the college website is a common example
of a chatbot. When a student types a question such as “What is the eligibility for this
course?”, the chatbot understands the question using NLP and replies with the required
eligibility details. This helps students get information quickly without waiting for a
human staff member.

3. Language Translation

Google Translate is an example of a language translation system. When a user enters
the English sentence “Good morning”, the system, understands the meaning using
NLP and provides the output as the translated sentence, in another language, such as
Malayalam or Hindi.

1.4.3 Al in Robotics

Robotics is a field of Artificial Intelligence,that focuses on creating machines called
robots that can perform tasks autdmatically. A robotis designed to sense its environment,
process information, and také action without continuous human control. When Al is
used in robotics, robots become intelligent and capable of making decisions, learning
from experience, and adapting to,different(situations. Al helps robots understand their
surroundings and pefform tasks aceurately and efficiently.

1.4.3.1 Operation‘of an Al-Based Robot

The operation of an Alsbased robot follows a systematic process that allows the
robot to interact with its environment intelligently. First, the robot collects input from
its surroundings using different sensors. These sensors include cameras to capture
images, microphones to detect sounds, and touch or distance sensors to sense objects
nearby. For example, when a robot moves in a room, its sensors detect walls, furniture,
or other obstacles. This sensory information is sent to the robot’s control system for
further processing.

In the next stage, the robot performs processing using Artificial Intelligence
algorithms. The Al system analyzes the data received from the sensors to understand
the situation. It identifies objects, measures distance, and decides what action should
be taken. For instance, if the robot detects an obstacle in its path, the Al system decides
whether the robot should stop, turn, or choose another route. This decision-making
ability makes the robot intelligent and autonomous.
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Finally, the robot produces output by performing physical actions using motors and
actuators. These actions may include moving forward or backward, turning, lifting
objects, or stopping. The robot continuously repeats this cycle of sensing, processing,
and acting, which allows it to work efficiently in changing environments. Thus, the
operation of an Al-based robot is based on a continuous input—processing—output cycle
that enables intelligent behavior.
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Fig. 1.4.3 Working of Al based Robot

1.4.3.2 Algorithms Used in Intelligent Robots

1. Machine Learning Algorithms

Machine learning algorithms allow the robot to learn from past data and experiences
and improve its performance oves time.

Example: A robot ¥acuum eléaner learns which areas of a room are cleaned frequently
and adjusts its cleaningfpath to work more efficiently.

2. Search and Path-Planning Algorithms

Search and path-planning algorithms help the robot find the best and safest path to
reach a destination.

Example: A delivery robot calculates the shortest path to reach a room while avoiding
walls and obstacles.

3. Neural Network Algorithms

Neural network algorithms help the robot recognize objects, faces, or shapes using
camera input.

Example: A robot identifies a human mple a chair using images captured by its camera.
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4. Rule-Based Algorithms

Rule-based algorithms use predefined rules to make quick and simple decisions.

Example: If the robot detects an obstacle in front, it immediately stops or turns based
on a fixed rule.

1.4.3.3 Examples of AI-Based Robotics

1. Robot Vacuum Cleaner

A robot vacuum cleaner is a common Al-based robot used in homes. It uses sensors
to detect walls and furniture and Al to decide where to move and clean.

Example: Roomba is an Al-based robot vacuum cleaner that automatically cleans rooms
without human help.

Fig. 1.4.4Al based robot Vacuum Cleaner

2. Industrial Robots

Industrial robots are used indactories to perform tasks such as assembling products,
welding parts, and paintingwehicles. These robots use Al algorithms to work with high
accuracy and speed. Al helps them repeat the same task many times without getting
tired or making mistakes.

Example: Robotic arms used in car manufacturing plants are controlled by Al to perform
tasks such as welding, assembling, and painting vehicle parts.
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Fig. 1.4.5 Robotic arms used in car manufacturing plants

3. Medical Robots

se robots use Al to
elps in complex and delicate
curacy of surgeries.

Medical robots assist doctors during sur
perform very precise and controlled move

Fig. 1.4.6 Da Vinci Robotic Surgical platform

4. Humanoid Robots

Humanoid robots are robots that look and act like humans. They can walk, talk,
recognize faces, and respond to people using Al. These robots are designed to interact
with humans naturally and assist in various tasks. Al helps them understand speech,
recognize emotions, and make decisions based on the situation.

SREENARAYANAGURU.
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Example: Sophia is a humanoid robot that can talk, answer questions, recognize faces,
and interact with people in a human-like way.

Fig. 1.4.7 Sophia Robot

1.4.4 Al in Healthcare

Artificial Intelligence (Al) has transformed healtheare by supporting doctors, nurses,
and patients. Healthcare generates large/amounts of'data, such as medical images,
laboratory reports, patient histories, and vital signs from wearable devices. Al systems
process this data to assist in diagnosing diseases, planning treatments, and improving
patient care. By analyzing pattefns and learning fiom previous data, Al helps medical
professionals make accurate and faster decisions.

1.4.4.1 Applications,of Al in Healtheare

1. Medical Imaging Analysis:

Al is widely used to examine X-rays, CT scans, and MRI images to detect
abnormalities like tumors, fractures, or infections. Al can spot subtle changes in images
that human eyes might miss.

Example: An Al system like Qure.ai can detect tuberculosis or small lung nodules in
chest X-rays quickly and accurately. This helps doctors provide early diagnosis and
plan better treatment, improving patient outcomes.

2. Virtual Health Assistants

Al-powered virtual assistants interact with patients via chat or voice. They provide
basic health advice, answer common questions, and remind patients to take medicines
on time.

Example: The Ada Health App asks patients questions about their symptoms and
suggests possible causes or actions to take. Another example is Babylon Health, which
provides Al-based consultations and health monitoring via a smartphone app.
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3. Wearable Health Devices

Wearable devices like smartwatches and fitness trackers continuously monitor health
data, such as heart rate, oxygen level, sleep patterns, and physical activity. Al analyzes
this data to detect unusual patterns and alert doctors or users.

Example: AliveCor Kardia is an Al-powered device that detects irregular heartbeats
and can send alerts if a potential heart problem is detected. Similarly, Apple Watch uses
Al to monitor heart rhythms and notify users about abnormal readings.

4. Robotic Surgery Assistance

Al-based surgical robots help doctors perform delicate and complex surgeries with
high precision, reducing human error and improving recovery. These robots are often
used for minimally invasive procedures.

Example: The Da Vinci Surgical System assists surgeons in performing precise
operations, such as prostate surgery or heart valve repair, by translating the surgeon’s
hand movements into smaller, precise movements of tiny instruments inside the patient.

5. Predictive Analytics

Al uses historical medical data to predict patient risks, readmissions, or likely
treatment outcomes. This helps hospitals plan preventive care, reduce complications,
and improve patient safety.

Example: Google Health Al cangpredict the risk of diabetic retinopathy or other
complications by analyzing patient data, allowing doctors to take early preventive
measures. Another example 1§ using Al‘to 1dentify patients at high risk of heart attack
or stroke based on lab results ‘and medical history.

1.4.5 Al in Re€ommendation Systems

Recommendation systems are Al-based applications that suggest products, services,
or content to users based on théir interests, behavior, and past activities. These systems
collect data such as browsing history, previous purchases, and viewing patterns. Al
algorithms then analyze this data to predict what a user is likely to prefer in the future.

For example, online shopping platforms like Amazon recommend products similar to
what a user has previously purchased or viewed. Video streaming services like Netflix
or YouTube suggest movies or series based on a user’s watching history. Similarly,
music apps like Spotify create personalized playlists by analyzing songs a user listens
to frequently.

Recommendation systems make it easier for users to discover relevant content
quickly and save time. They also help businesses by increasing customer engagement,
satisfaction, and sales. By analyzing user data and predicting preferences, Al-powered
recommendation systems have become an essential part of digital platforms and
e-commerce.
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1.4.5.1 Types of Recommendation Systems

Recommendation systems can be broadly classified into three main types:

1. Collaborative Filtering

Collaborative filtering suggests items based on the preferences or behavior of other
users with similar interests. It works on the idea that if two users liked similar items in
the past, they are likely to enjoy similar items in the future.

Example: On Netflix, if User A and User B watched many of the same movies, Netflix
may recommend a new movie that User A liked to User B.

2. Content-Based Filtering

Content-based filtering recommends items based on the features or characteristics of
the items a user has liked previously. This approach focuses on the similarity between
items rather than other users.

Example: On Amazon, if a user bought a smartphone with certain, features, the system
may suggest other smartphones with similar specifi¢ations.

3. Hybrid Recommendation Systems

Hybrid systems combine the strengths of collaborative filtering and content-based
filtering to provide more accurate recommendations. They consider both the user’s past
preferences and the behavior of similar users:

Example: Spotify recommends$ songs usingia hybrid approach, taking into account the
songs a user has listened to and what dther users with similar tastes enjoy.

1.4.6 Al in AutonomousVehiecles

Autonomous vehielesfare vehieles that use Artificial Intelligence (Al) to operate with
little or no human involvement.Lhese vehicles are designed to sense their surroundings,
make decisions, and movegsafely on roads. To understand the environment, autonomous
vehicles collect data using cameras, sensors, radar, and GPS. These devices help the
vehicle detect roads, traffic signals, pedestrians, obstacles, and other vehicles.

Al systems process this collected data to understand road conditions and traffic
situations. Using this information, the vehicle decides when to accelerate, slow
down, stop, or turn. Even in semi-autonomous vehicles, Al plays an important role
by supporting features such as automatic braking, lane detection, cruise control, and
parking assistance.

For example, if a vehicle detects an obstacle or another vehicle suddenly stopping
ahead, the Al system quickly calculates the distance and applies the brakes automatically
to avoid an accident. Similarly, Al helps the vehicle stay within lanes by continuously
monitoring road markings.
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1.4.6.1 Examples of Autonomous Vehicles

1. Self-Driving Cars

Self-driving cars use Al to control steering, speed, and braking with minimal human
involvement. They use cameras and sensors to detect traffic signals, vehicles, and
pedestrians.

Example: Tesla cars with Autopilot features.

2. Robotaxis

Robotaxis are driverless taxis that transport passengers without a human driver. Al
systems help them choose routes, avoid obstacles, and ensure passenger safety.

Example: Waymo autonomous taxis.

3. Autonomous Buses

Autonomous buses operate without drivers in controlled environments like campuses
and smart cities. Al helps them follow fixed routes and stop safely for passengers.

Example: Driverless shuttle buses used in smastseity, projeets.

4. Autonomous Delivery Vehicles

These vehicles deliver food, parcels, or'medicines without a human driver. Al helps
them navigate roads and avoid obstacles durmgdelivery.

Example: Amazon autonomous delivery vehicles.

5. Autonomous Trucks

Autonomous trucks are uséd for transporting goods over long distances. Al assists in
highway driving, maintaining speed, and avoiding accidents.

Example: Self-driving trucksdised in logistics companies.

Recap
¢ Artificial Intelligence refers to machines performing tasks that require
human intelligence.
¢ Alisused in daily life to reduce human effort and improve efficiency.

¢ Natural Language Processing enables machines to understand and generate
human language.

¢ NLP works through input processing, pattern analysis, and output generation.

¢ Voice assistants, chatbots, and language translation are common NLP
applications.
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Objective Type Quéstions

1.

2 L N e B s

Robotics uses Al to enable machines to sense, decide, and act intelligently.
Al-based robots follow a sensing, processing, and action cycle.

Intelligent robots use machine learning, neural networks, and rule-based
algorithms.

Al-based robots are used in homes, industries, healthcare, and human
interaction.

Al supports healthcare through diagnosis, treatment planning, and patient
monitoring.

Medical imaging and virtual health assistants are key AI healthcare
applications.

Wearable devices use Al to track health and detect abnormalities.

Recommendation systems suggest content based omyuser behavior and
preferences.

Collaborative, content-based, and hybrid systeéms are types of recomme-
ndation systems.

Autonomous vehicles use Al tof sense surroundings and make driving
decisions.

Which Al appli€ation helps computers understand human language?
What is the process@f breaking text into smaller units in NLP called?
What do we call numeri€al representations of words in NLP?

Which AT application is used in voice assistants?

Which component allows a robot to sense its environment?

What algorithm enables robots to learn from past experiences?

What type of Al system suggests movies or products to users?

Which recommendation method uses preferences of similar users?

What type of vehicle operates without human control?

10. Which AI system monitors heart rate using smartwatches?

11. Which Al-based robot assists in surgical procedures?
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Answers to Objective Type Questions

1. Natural Language Processing
Tokenization

Embeddings

NLP

> » N

Sensors
Machine Learning
Recommendation

Collaborative

SO L . 2

Autonomous
10. Wearables
11. DaVinci

Assignments

1. Explain Artificial Intelligénce and discussyits importance in daily life with
examples.

2. Describe Natural Language Processing and explain how it works with
suitable examples.

3. Explain the working oftan Al-based robot and list the algorithms used in
intelligent robots.

4. Discuss the rolegof Artificial Intelligence in healthcare with suitable
examples.

5. Explain recommendation systems and autonomous vehicles as applications
of Artificial Intelligence.
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Unit 1

Introduction to Machine Learning

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ define Machine Learning in simple terms and explain how it allows computers
to learn from data

¢ identify the scope of Machine Learning and understand the different areas
where ML can be applied

¢ give real-world examples of Machine L€arning applications, such as
recommendation systems, chatbots, and fraud détection

¢ differentiate between Artificial Intelligence; MachméLearning, and Data
Science, and describe how they arg related

¢ explain why Machine Learning is important in/today’s world, especially in
supporting automation, prédiction, andidecision-making

Prerequisites

A basic background in_mathematics, particularly in statistics and probability, is
expected. These areas help 1n understanding how data behaves; for example, calculating
the average marks of a class or gstimating the probability of rain based on past weather
data are simple real-wonld-uses of these concepts. Linear algebra, which deals with
vectors and matrices, is also helpful because many ML models store and process
information in matrix form. Although not compulsory, having a simple idea of calculus,
such as how a curve increases or decreases (gradients), can make it easier to understand
how model performance improves over time.

Basic computer skills and introductory programming knowledge are also essential.
Experience in writing simple programs such as printing multiplication tables, calculating
the total bill in a supermarket, or reading numbers from a file will support learners when
working with datasets and algorithms. Programming in Python is especially useful
because it is commonly used in ML projects. Knowing what an algorithm is or how
data is stored and processed in a computer will make it easier to understand how ML
systems work in practice.




Learners should also have a general awareness of how technology solves everyday
problems. Examples include YouTube recommending videos, Google Maps suggesting
the fastest route, or Gmail detecting spam messages, all of which involve machine
learning. Having at least a basic idea of Artificial Intelligence (Al) helps in distinguishing
how Machine Learning fits as a part of Al, and how bothediffer from Data Science,
which focuses on processing and analyzing data to gain insights. With this foundational
knowledge and awareness, students will be ready to understand'the definitions, scope,
applications, and differences among Al, ML, and Data Science.

Keywords Av

Al, ML, Data Science, Prediction, Modern Digital Transformation

Discussion

2.1.1 Overview of Maghine Learning

Machine Learning (ML) is a field'of computer science that enables machines to learn
from data and imptove theif performance over time without being directly programmed
for each task. Instead of giving step-by-step instructions, ML allows computers to
recognize patterns in information, make decisions, and generate predictions. This makes
ML different from traditional programming, where all rules must be written manually.

The growing importance of Machine Learning is seen in our everyday life. When
YouTube suggests videos you may like, when Google Maps shows a faster route, or
when a mobile phone unlocks using facial recognition, ML is working in the background.
These systems learn from previous data such as your viewing history, travel routes, or
facial images and use this information to make better suggestions or actions in the
future. Because of this ability to improve automatically, ML has become an essential
part of modern digital technology.

Machine Learning also forms a core component of Artificial Intelligence (Al).
While Al is a broad term referring to machines that act intelligently, ML focuses
specifically on how machines learn. It is also closely connected to Data Science, which
involves collecting and analyzing data to gain useful insights. Together, these fields are
transforming industries such as healthcare, finance, transport, and education by helping
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systems make faster, smarter, and more accurate decisions. ML is therefore not only a
topic of academic study but also a driving force shaping the future of technology.

2.1.1.1 Meaning and basic concept of ML

Machine Learning (ML) is a branch of Artificial Intelligence (AI) that focuses
on developing systems capable of learning and improving automatically through
experience. In traditional computer programming, a programmer writes explicit
instructions for every possible action. However, Machine Learning removes the need
for manual programming by enabling computers to learn directly from data. Once
sufficient data is provided, ML systems analyze it, identify hidden patterns, and use
those patterns to make decisions or predictions on new, unseen data.

In simple terms, Machine Learning means machines learn from examples instead
of fixed instructions. Just as human beings learn from past experiences and improve
their knowledge, ML models learn from collected data and gradually enhance their
performance over time. For example, if a computer is given many emails marked as
“spam” or “not spam,” it can learn the characteristics of spam messages and later
classify new emails without needing a programmer to write rules.

2.1.1.2 Why Machine Learning is needed?

The core idea behind ML is that data drive§ learning. The more data a system receives,
the better it becomes at identifying relationships and generating accurate outputs. ML
typically follows a structured process (Fig 2.1.1):

1. Data collection: Data is{gathered from various sources such as images, text,
videos, transaction re¢ords, or sénsor readings. The quality and quantity of
data play a crucial role in the performance of an ML system.

2. Training phase: The colléetedrdata is given to an ML algorithm, which
analyzes the data and'l€arns the internal patterns. This stage is similar to a
student studying examples in order to solve related problems later.

3. Model creation: Baséd on the training, the ML system creates a “model”
that represents its understanding. This model contains the learned rules or
relationships extracted from the data.

4. Testing and prediction: New, unseen data is then given to the model to
check how well it performs. If the model predicts correctly (for example,
recognizing a handwritten digit or recommending a product), it is considered
well-trained.

5. Improvement over time: ML models continuously improve as more data is
added or as algorithms are fine-tuned. This ongoing learning process is what
makes ML powerful and adaptable.
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Fig. 2.1.1 Structuredprocess of ML
Illustrative Example

Imagine teaching a child to recognize ‘apples. You show several pictures of apples
and tell them, “This is an apple#After seeing many examples, the child begins to
understand the shape, color, afid texturesthat make something an apple. Later, even
if the apple is green instead of red, the childycan still recognize it. Machine Learning
works in the same manner, computers learn/from labeled examples and use that knowl-
edge to identify or predict future outcomes (Fig 2.1.2).

RECOGHNIZING MEW THINGS

Fig. 2.1.2 Example explanation of ML
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Why ML Matters

The basic concept of Machine Learning has wide practical relevance today. It forms
the foundation of many real-world systems such as YouTube recommendations, facial
recognition on smartphones, speech-to-text converters, fraud detection in banks, and
medical diagnosis tools. These systems continuously learn from user behavior and large
datasets, allowing them to make better predictions each time.

Machine Learning is a technique that enables systems to learn automatically from
data, identify patterns, and make intelligent decisions without being explicitly pro-
grammed. Its basic concept revolves around learning by example, improving through
experience, and predicting future outcomes using learned patterns, making it one of the
most transformative technologies of the modern digital world.

2.1.2 Definition of Machine Learning

Machine Learning (ML) is a scientific discipline within the broader field of Artificial
Intelligence (Al) that focuses on enabling systems to automatieally learn patterns from
data and improve performance without being explicitly programmed. Over the years,
several scholars and practitioners have provided formal definitions that shaped the
foundation of ML as a field. The most influential contributors include Alan Turing,
Arthur Samuel, and Tom M. Mitchell.

Formal definitions

A. Alan Turing — Foundational'ldea (1950)

Alan Turing, often regarded as thedfather of Artificial Intelligence, presented the
conceptual foundation for machine learning: In his publication “Computing Machinery
and Intelligence,” Turifg propoesed thatdmachines could be designed to learn from
experience instead Of relying only on‘explicit programming.

“Instead of programming a machine for every task, we should allow it to learn
from experience.”

Although Turing’s description is not a formal definition, it introduced the essential
idea that computers can adapt and learn an idea that later evolved into the concept of
Machine Learning.

Alan Turing, often regarded as the father of Artificial
Intelligence, was a British mathematician, logician, and
computer scientist known for laying the groundwork for
modern computing. He introduced the concept of the Turing
Machine, a theoretical model that defines the principles of
computation. During World War II, Turing played a crucial
role in breaking the German Enigma code, contributing
significantly to the Allied victory. His visionary ideas
about machine intelligence and the famous "Turing Test"
continue to influence Al research even today.
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B. Arthur Samuel — First Formal Definition (1959)

Arthur Samuel, an American pioneer in computer gaming and Al, provided the first
widely recognized formal definition of Machine Learning. His research on a self-learn-
ing checkers-playing program led him to define ML as:

“Machine Learning is the field of study that gives computers the ability to learn
without being explicitly programmed.”

This definition emphasizes the departure from manual programming and highlights
the central goal of ML, allowing computers to learn autonomously based on data.

Arthur Samuel was an American pioneer in the field of
artificial intelligence and computer gaming. He is best
known for developing one of the earliest self-learning
programs, a checkers-playing program that improved
its performance through expefience. Samuel intro-
duced the term "Machine Learning” in the 1950s,
highlighting computers’ ability to leath, without being
explicitly programmed. Hisygroundbreaking work laid
the foundation for medern Al'learning algorithms and
data-driven systems.

C. Tom M. Mitchell — Academic Definition (1997)

Tom Mitchell offered a prg€ise and widely accepted scientific definition of ML,
commonly cited in academic literature@nd textbooks. According to Mitchell:

“A computer programyis said_ to learw from experience E, with respect to some
task T and performance measure Bif'its performance at task T, as measured by P,
improves with experienceds.”

This definition presents ML in @ measurable framework involving three components:

¢ Task (T): The objective or activity performed by the system.
¢ Experience (E): Data or examples used for learning.
¢ Performance Measure (P): Criteria used to evaluate improvement.

Example: A spam-email classifier

¢ Task (T): Classify emails as spam or not spam.
¢ Experience (E): A dataset of labeled emails.

¢ Performance Measure (P): Classification accuracy. If accuracy increases
as more email examples are processed, the system is considered to have
learned.
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Tom M. Mitchell is a prominent American computer sci-
entist known for his significant contributions to the field
of machine learning. He authored the influential text-
book ""Machine Learning'', widely used in universities
and considered a foundational reference for learners and
researchers. Mitchell has served as a professor and found-
ing chair of the Machine Learning Department at Carnegie
Mellon University. His work focuses on how computers
can automatically improve performance through expe-
rience, shaping the theoretical and practical growth of
modern AL

The meaning of Machine Learning has changed and developed over time. Alan
Turing first introduced the idea that machines could learn from experience. Later, Arthur
Samuel explained that computers can learn on their own without being programmed
step by step. Finally, Tom Mitchell gave a clear and scientifi¢ definition, stating that a
computer learns when it improves its performance after gaining eXperience. These ideas
together help us understand what Machine Learning means and how, it works today.

2.1.2.1 Key characteristics of ML

Machine Learning (ML) systems possess certain distinct characteristics that make
them different from traditional rule-based eomputer programs. These features explain
how ML models operate, improve,and contribute to sélving real-world problems.

1. Ability to learn from data: One of the most defining characteristics of ML
is its ability to learn directly from“data/Instead of following manually written
instructions, ML medels analyze dataséts, identify underlying trends, and form
patterns that guide predictions ofidécisions.

Example: A mobile phone| learns a user’s typing style by analyzing past text
messages and suggests words accordingly.

2. Improvement over time: Machine Learning systems continuously improve
their performance with additional experience or data. As more examples are
supplied, the model refines its internal parameters, resulting in better accuracy
and more reliable output.

Example: A spam filter becomes better at detecting junk emails over time as it is
exposed to more email samples.

3. Pattern recognition capability: ML excels in recognizing patterns in large and
complex datasets, patterns that may not be easily noticed by humans. By detecting
relationships, similarities, and trends, ML can make informed decisions based
on these learned representations.

Example: Facial recognition systems identify people based on patterns in their
facial features.
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4. Minimal explicit programming: Traditional programming requires a developer
to specify every rule and decision. ML, however, reduces the need for explicit
programming. The system generates rules automatically based on data and
feedback.

Example: Instead of writing rules to identify handwritten digits, an ML model
learns from thousands of handwritten samples and forms its own logic.

5. Data-driven decision making: Machine Learning decisions are based on
evidence from data rather than assumptions or fixed logic. This makes predictions
objective and adaptable to changing environments.

Example: Online shopping websites suggest products based on data from a user’s
past purchases and browsing history.

6. Handling complex and high-dimensional data: ML can process and learn
from extremely large datasets with thousands of variables, something traditional
systems struggle with.

Example: Medical ML models analyze patient reeords containing symptoms, scans,
lab values, and genetic information to predict disease risks.

7. Automation and scalability: Once trained, ML models €an handle millions of
tasks automatically, quickly, and consistently. They can also be scaled to work
across large populations or data environments.

Example: Fraud detection systems monitor thousands of online transactions
simultaneously, flagging suspicious aétivity within seconds.

8. Adaptability to new situations: ML systems are flexible and can adapt when
new information ot changing ¢ircumstances arise. This makes them suitable for
dynamic envirghments.

Example: A weather prediction model adjusts to recent climate data and provides
updated forecasts.

The core characteristics of Machine Learning are learning from data, improving
with experience, recognizing patterns, and reducing manual programming, make it a
powerful approach for solving complex modern-day problems. Its ability to process
massive data, automate tasks, and adapt over time has led to its extensive use across
diverse sectors such as healthcare, finance, security, business, entertainment, and
transportation.

2.1.3 Scope of Machine Learning

Machine Learning is one of the fastest-growing fields in the digital era, and its scope
extends far beyond computer science. It plays a central role in automating processes,
analyzing large volumes of data, and enabling systems to make intelligent decisions. As
industries increasingly rely on data-driven technologies, ML has become a foundation

for digital transformation, innovation, and smart automation.
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2.1.3.1 Areas where ML is used

Machine Learning has a broad range of applications across numerous fields. Some
important areas include:

a. Healthcare: ML algorithms help in disease prediction, medical image analysis,
drug discovery, and personalized treatment plans.

Example: Detecting tumors in MRI scans using deep-learning models.

b. Finance and Banking: Banks and financial institutions apply ML for fraud
detection, credit scoring, stock market prediction, and customer segmentation.

Example: Algorithms automatically detect unusual activities in bank accounts to
prevent fraud.

c. Education: Machine learning supports personalized learning platforms,
automated exam evaluation, and academic performancegprediction.

Example: Adaptive learning apps recommend lessons based on a learner’s strengths
and weaknesses.

d. Retail and E-commerce: Online shopping,platforms use/ ML to analyze
consumer behavior, recommend produdcts, manage inventory, and forecast
demand.

Example: “Recommended for you” product suggestions on Amazon or Flipkart.

e. Transportation and Smart Mobility:aML enables autonomous driving systems,
traffic prediction, route optimizatiofi, andismart logistics.

Example: Google Maps estimates travel time and suggests the fastest route using
ML-based traffi¢’analysis.

f. Entertainment and Media: Streaming platforms use ML to track viewer
preferences and suggest videos, music, or movies.

Example: Netflix recommending movies based on what users previously watched.

g. Cybersecurity: ML models detect malicious activities, identify cyberattacks,
and secure digital systems by learning threat patterns.

Example: Email systems identifying phishing attacks.

h. Agriculture: ML helps in crop monitoring, weather forecasting, soil analysis,
and automated irrigation using smart sensors.

Example: Drones capture crop images, and ML detects diseases early.

i. Manufacturing and Industry: Factories use ML to predict machine failures,
automate production, and improve product quality.
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Example: Predictive maintenance systems that alert technicians before equipment
breaks down.

2.1.3.2 Machine Learning and Modern Digital Transformation

Digital transformation refers to the integration of digital technology into business
and everyday life, fundamentally changing how systems operate and deliver value.
Machine Learning is a core driver of this transformation for the following reasons:

a. Automation of work: ML helps automate repetitive and time-consuming tasks,
making processes faster and reducing human error.

Example: Chatbots responding to customer queries 24/7.

b. Data-driven decision making: Modern organizations rely on real-time data
to make strategic decisions. ML analyzes complex datasets and provides
meaningful insights for planning and forecasting.

Example: Retail companies using ML to predict holiday sales and plan inventory.

c. Personalization and customer experience: ML enables services to be tailored
to individual user needs, making digital systems more interactive and user-
friendly.

Example: Personalized music playlists generated by Spotify based on listener
habits.

d. Innovation and smart te¢hnology:/Many emerging technologies, including
Artificial Intelligence, Robotics, JOT, and Smart Cities, rely heavily on ML
algorithms to function.

Example: Smart home devices Su€h as Alexa use ML to understand speech and
respond intelligently.

e. Business competitiveness: Companies that adopt ML gain a competitive edge
because they can operate efficiently, reduce costs, and introduce new intelligent
services.

Example: Banks using ML-based chatbots serve customers faster and at lower cost
than traditional branches.

The scope of Machine Learning is expanding rapidly across various sectors such
as healthcare, finance, education, retail, security, and transportation. ML is also a key
technology behind digital transformation, supporting automation, personalization,
intelligent decision-making, and innovation. As data generation continues to grow and
industries move toward smart solutions, Machine Learning will play an even greater
role in shaping the future of society, business, and technology.
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2.1.3.3 Advantages and Limitations

Machine Learning brings powerful capabilities to modern computing systems, but it
also comes with several challenges. Understanding both its advantages and limitations
helps in identifying when and how ML should be used effectively.

Advantages of Machine Learning

a. Automation of tasks: Machine Learning enables systems to perform tasks
automatically without constant human supervision. Once trained, models can
handle repetitive and large-scale tasks efficiently.

Example: Automated email spam filtering.

b. Ability to learn and improve over time: ML systems become more accurate
and reliable with additional data and continued exposure to real-world scenarios.

Example: Voice assistants like Siri or Google Assistant,understand speech better
the more they are used.

c. Data-driven decision making: ML helps organizations base their decisions on
data rather than assumptions or feelings.

Example: Businesses use ML to forecast sales and,understand customer behavior.

d. Handling large and complex data: Machine Learning excels at analyzing
large datasets with multiple variables, uneovering patterns that humans may not
notice.

Example: Predicting climate changes using massive environmental datasets.

e. Personalization and better,user experience: ML allows digital systems
to tailor content and services aceording to individual preferences, improving
satisfaction.

Example: Netflix recommefnding movies that match a user’s interests.

f. Detecting hidden patterns and insights: ML models are capable of revealing
patterns and relationships within data that help solve complex problems.

Example: ML detects fraud in banking by identifying unusual transaction patterns.
Limitations of Machine Learning

a. Requires large amounts of data: ML models need large and high-quality
datasets for effective training. Poor or insufficient data can lead to incorrect
results.

Example: A medical diagnosis model will fail if it is trained on very few patient
cases.
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b. High computational cost: Training ML algorithms especially deep learning
models requires powerful processors, GPUs, and large storage, which may be
costly for small organizations.

c. Lack of transparency (“Black Box” Nature): Many ML models, especially
neural networks, do not clearly explain how decisions are made. This lack of
interpretability can reduce trust.

Example: A bank may not fully understand why an ML model rejects a loan
application.

d. Risk of bias and errors: If training data is biased or unbalanced, the model can
produce unfair or inaccurate outcomes.

Example: A facial recognition system may perform poorly for certain demographic
groups if not trained properly.

e. Dependency on data quality: Incorrect, incompletegor outdated data can
mislead ML models and cause faulty predictions.

Example: Weather prediction models give wrong results if feéd with wrong input
values.

f. Ethical and privacy concerns: ML systems oftenprocessipersonal or sensitive
data, raising concerns about misuse, data security, and privacy.

Example: Tracking online behaviorte target advertisements may invade user
privacy.

Machine Learning has significant bénefits,such as automation, improved accuracy,
personalization, and powerful data analysis. However, it also faces limitations
including the need forfarge datasets, high computational cost, lack of interpretability,
potential bias, and gthical concerns. A'balanced understanding is essential to apply ML
responsibly and effectively in real-world applications.

2.1.4 Applications,0ofdVlachine Learning

Machine Learning has become a fundamental technology in the 21st century,
shaping how we interact with digital systems, businesses, and services. Its ability to
automatically analyze data, discover patterns, and make predictions enables countless
real-world applications. ML is not limited to computer science; today it influences
healthcare, finance, education, agriculture, entertainment, security, manufacturing, and
everyday life.

2.1.4.1 Everyday-Life Applications

ML is widely used in daily digital activities, often without the user being aware of
its work in the background.
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a. Recommendation systems: Recommendation systems are among the most
visible uses of ML. Algorithms study user behavior such as what they watch,
search, purchase, and how long they view content to recommend suitable items.

Examples:

¢ YouTube recommends videos based on watch history.
¢ Netflix suggests movies or series matching viewing preferences.
¢ Amazon recommends products using user purchase and browsing patterns.

These recommendations increase user satisfaction and also support business revenue.

b. Email spam filtering and threat detection: Email service providers rely on
ML to classify emails as spam or legitimate by learning from millions of email
samples.

Examples:

¢ Gmail automatically blocks harmful phishing émails.

¢ ML identifies suspicious patterns such@s unusual senderdomains, keywords,
or attachments.

Spam filters continuously learn and improve as new threats appear.

c. Virtual assistants and speech recognition: Voice-enabled devices use ML to
convert speech into text, understand natusal language, and generate appropriate
responses.

Examples:

¢ Siri, Google Assistant, and Alexa performing tasks like answering questions
and setting reminders.

¢ ML models improve recognition of accents, tone, and frequently used words.

Over time, these systems become more accurate with user feedback.

d. Personalized advertisements: Businesses use ML to analyze browsing
histories, search records, and interests to display highly targeted advertisements.

Example: After searching for "running shoes," ads for sports footwear appear
across websites and apps.

This helps advertisers reach the right audience and improves marketing effectiveness.

e. Social media and content moderation: Social media platforms use ML to
decide what content to show, filter harmful posts, and detect abusive behavior.
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Examples:

¢ Facebook suggests friends and pages.
¢ Instagram filters offensive comments.

¢ ML identifies fake news patterns.

f. Navigation and real-time traffic prediction: ML enhances navigation
applications by studying live traffic data, road conditions, and user movement.

Examples:

¢ Google Maps predicts traffic congestion and recommends faster routes.

¢ Ride-sharing apps like Uber assign drivers and calculate fares using ML.

2.1.4.2 Industry Applications

ML is transforming the way industries operate, enabling automation, high-accuracy
predictions, cost reduction, and smarter services.

a. Healthcare: Machine Learning supports doctorsyhospitals, médical researchers,
and pharmaceutical industries.

Applications:

¢ Image-based diagnosis (detecting tumors, fractures using CT/MRI scans).
¢ Predicting disease risk for patients.

¢ Personalized gfeatment plans

¢ Drug developmentiand vaccine design

Example: ML models used during COVID-19 to predict virus spread and support
vaccine research.

b. Finance and Banking: Financial institutions rely on ML for safety, customer
experience, and economic decisions.

Applications:
¢ Fraud detection systems that block abnormal transactions.
¢ Loan approval and credit scoring.
¢ Stock market and investment prediction.

¢ Customer-service chatbots.

Example: Banks use ML to flag suspicious ATM withdrawals or login attempts.

m SGOU - SLM - BSc- Data Science and Analytics - Machine Learning e




¢. Transportation and Smart Mobility: ML improves transport efficiency and
safety.

Applications:

¢ Self-driving vehicles (interpreting sensors, recognizing obstacles, lane
control).

¢ Traffic signal automation and smart city-planning.

¢ Logistics and delivery route optimization.

Example: Autonomous cars from Tesla or Google’s Waymo use ML to detect road
signs, pedestrians, and traffic.

d. Education and Ed-Tech: ML is changing how learning is delivered and
managed.

Applications:

¢ Personalized learning modules.
¢ Automatic grading and plagiarism detéction.
¢ Predicting student performance

Example: E-learning apps track student progress andirecommend additional practice
questions.

e. Manufacturing and Industry: Factories and industrial plants use ML for
automation and cost-saving.

Applications:

¢ Predictive maintenance (identifying machine failure before breakdown).
¢ Automated produetinspection using cameras.

¢ Optimizing production lines.

Example: Robots in factories using ML check for defects in products.

f. Agriculture: Farmers and agricultural companies use ML to improve crop
quality and yields.
Applications:

Crop disease detection.
Weather prediction.

Smart irrigation.

*® & o o

Yield forecasting.
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Example: Drones with ML identify damaged or diseased plants early.

g. Cybersecurity: ML is crucial for protecting digital systems and detecting
cyberattacks.

Applications:

¢ Virus and malware detection.
¢ Intrusion detection systems.
¢ Spam filtering and phishing protection.
Example: ML continuously learns new threat patterns to prevent hacking attempts.

Machine Learning is deeply embedded in everyday life, from recommending
entertainment content and helping navigate roads to filtering emails and powering
virtual assistants. In industries, ML enables smarter healthcare, safer banking, efficient
manufacturing, modern transportation, and secure digital systems. As global digital
dependence grows, ML will continue to expand, driving technoloegical innovation and
shaping future services across nearly every sector of sogiety.

2.1.5 Machine Learning vs. Artificial'lmntelligénce

Machine Learning (ML) and Artificial Intelligence (Al) are closely related fields, but
they are not the same. Understanding theirtelationship/and differences is important for
students, especially when learning how moderniintelligent systems are built.

2.1.5.1 Relationship between Ad"and ML

Artificial Intelligence 1§ the breader field of computer science focused on creating
systems that can perform tasks that'normally require human intelligence, such as
decision-making, languageé undetstanding, visual perception, reasoning, and problem-
solving. Machine Learning is one of the major branches of Al It provides techniques
and algorithms that allow_mac€hines or computer systems to learn from data, identify
patterns, and improve performance without being explicitly programmed.

In simple terms “Al is the field that aims to make machines intelligent. ML is the
method that allows machines to learn and become intelligent.”

Thus, Machine Learning serves as a practical approach within Al to build systems
capable of learning on their own using experience.

2.1.5.2 How ML is a subset of AI?

Machine Learning is considered a subset of Artificial Intelligence because it
represents one of the specific techniques used to achieve intelligent behavior in
machines. Artificial Intelligence is a broad field that includes any method or technology
that enables computers to think, make decisions, solve problems, or act like humans.
Within this large domain, Machine Learning provides a systematic approach that allows
machines to learn from data, identify patterns, and improve their performance over
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time. Instead of relying only on predefined rules or instructions, ML systems adapt by
using examples, experiences, and datasets.

In the hierarchy of Al technologies, Machine Learning fits as a practical tool that
makes Al possible in real-world applications. Many modern Al systems such as voice
assistants, recommendation engines, and autonomous vehicles use ML algorithms
as their foundation. This makes ML a core component of Al, but not the entire field.
Other Al techniques, such as rule-based reasoning, symbolic logic, and expert systems,
operate independently of ML. Therefore, ML is one important branch within Al but Al
as a whole is much wider than just Machine Learning.

2.1.5.3 Key differences

Machine Learning, on the other hand, is one branch of Al that allows computers
to learn from data and improve their performance automatically. Understanding the
differences between these two terms helps provide a clearer picture of how ML fits
within the wider world of AI (Table 2.1.1).

Consider a self-driving car:

¢ Artificial Intelligence enables the car to make decisions when to stop,
change lanes, or avoid obstacles.

¢ Machine Learning helps the car/learn from previous driving data such as
road patterns, traffic signs, and aceident scenarios to continuously improve
its performance.

Thus, Al is the goal, while ML is a foolaised to achieve that goal.
Table 2.1.1 Key differences of Al and ML

Feature Artifi¢ial Intelligence (Al) Machine Learning (ML)
"y Ability N £ mgchlnes to mimic Technique that enables
Definition human.intelligence and .
R ; machines to learn from data
decision-making
L To create systems that think To allow systepls o .
Objective . . automatically improve using
and act intelligently .
experience
Uses reasoning, l'oglc, rules- Uses statistical models, data
Approach based programming, and ML .
. patterns, and algorithms
techniques
Data Dependence Does not always require data Completel.y depends on data to
(example: rule-based Al) learn and improve
. Email spam filters, product
Examples Expert systems, robotics, recommendations, fraud

smart assistants

detection
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Artificial Intelligence is a wide discipline focused on building intelligent machines,
while Machine Learning is a specialized part of Al that allows systems to learn
automatically using data. ML is one of the most practical and widely used methods for

achieving Al in today’s digital world.

2.1.6 Machine Learning vs. Data Science

Machine Learning (ML) and Data Science are two important fields in today’s data-
driven world, and while they are closely related, they focus on different goals and tasks.
ML mainly involves building models that can learn from data and make predictions or
decisions automatically. In contrast, Data Science focuses on extracting useful insights,
patterns, and knowledge from data to support decision-making in organizations. In
simple terms, Data Science answers the question, “What does the data tell us?” while
Machine Learning answers, “How can a system use this data to learn and predict future
outcomes?”.

2.1.6.1 What Data Science focuses on?

Data Science is a broad discipline that combines, statistics, ptogramming, domain
knowledge, and data analytics. Its primary purpose isito collect, elean, analyze, and
interpret data. Data Scientists work with structured and unstructdred data to uncover
trends, generate reports, and guide strategic decisions. Eor examiple, a company may use
Data Science to analyze customer behavigr and understand why sales increased during
a particular month. Data Science does not necessarily always involve machine learning;
sometimes results can be achieved.using statistical methods, charts, dashboards, and
simple analytics.

2.1.6.2 Data Science workflow vs. ML. workflow

While ML and Data Seience use,similar tools and data, their workflows are not the

same (Fig 2.1.3):
Data Science Workflow

Q} Machine LearningWorkflow

1 Data Collection and Preprocessing ] Defining a Business or Research Question
v

h

2 Splitting Data into Training and Testing Sets 2 Collecting and Cleaning Data
- -
3 Training ML Models Data Exploration, Visualization, and
Statistical Analysis

-

>
4 Model Testing and Evaluation 4 Building Models or Selecting Analytical
Techniques (may indude ML)

~

v
5 sgeic 5 Communicating Results through Reports,
Dashboards, or Presentations

Fig. 2.1.3 Data Science workflow vs. ML workflow
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In summary, ML focuses more on model training, prediction, and automation, while
Data Science emphasizes data understanding, insights, and communication.

2.1.6.3 Differences and overlaps

There is also an overlap between the Machine Learning and Data Science fields. Data
Science often uses ML models when predictions or automated decisions are needed.
For example, a Data Scientist studying customer purchase history may use ML to build
a recommendation model. Therefore, Data Science and ML support each other Data
Science provides data and insights, while ML uses that data to create smart, predictive
systems (Table 2.1.2).

Table 2.1.2 Differences and overlaps of Data Science and ML

Data Science Machine Learning

] ) ] Focuses on learning patterns to make
Focuses on data analysis and interpretation o
predictions

o ) o ] Uses algorithms andy models such as
Uses statistics, visualization, analytics ) o
regression, decision trees, neural networks

Output is usually insights, reports, graphs, @Qutput s autemated predictions or

decisions systems thatiimprove over time

Broader field that may or may not involve Sub-field used within Data Science for

ML prediction tasks

2.1.7 Comparison of ML, AT and Data Science

Machine LearninggArtificial Tntelligene, and Data Science are closely related fields
but serve different purposes. Mnderstanding their similarities, differences, and overlaps
is essential for buildingdfitelligent data-driven systems.

Artificial Intelligence (Al)

¢ Definition: Al is a broad field of computer science focused on creating
machines that can perform tasks that typically require human intelligence,
such as reasoning, problem-solving, learning, and decision-making.

¢ Scope: Includes Machine Learning, Natural Language Processing (NLP),
robotics, expert systems, planning, and reasoning.

¢ Goal: To enable machines to think and act like humans.

¢ Example: Self-driving cars, intelligent chatbots, smart assistants.

Machine Learning (ML)

¢ Definition: Machine Learning is a subset of Al that enables systems to learn
from data and improve automatically without being explicitly programmed.
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¢ Scope: Focuses on algorithms and models that predict outcomes, recognize
patterns, or make decisions based on experience.

¢ Goal: To allow machines to improve performance over time using data.

¢ Example: Email spam detection, product recommendations, fraud detection.

Data Science (DS)

¢ Definition: Data Science is an interdisciplinary field that uses statistical,
computational, and analytical techniques to extract insights and knowledge
from structured and unstructured data.

¢ Scope: Includes data collection, cleaning, visualization, analytics, reporting,
and sometimes incorporates ML for predictive modeling.

¢ Goal: To analyze and interpret data to support informed decision-making.

¢ Example: Market trend analysis, customer behavior amalysis, predictive
analytics in healthcare.

2.1.7.1 Key Differences and Overlaps

Although Artificial Intelligence, Machine Learning,\and Data Science are closely
related, they differ in purpose, techniques, and outcomes, while also overlapping in
areas such as predictive modeling and data-driven decision-making (Table 2.1.3).

Table 2.1.3 Key/Differences and Overlaps of AIl, ML and DS

Feature Artificial Intelligence (AI) Machine Learning (ML)  Data Science (DS)
Field to extract

. Broad figld to create Subset of Al focusedon | .
Definition ] ) ] insights from data
intelligent,systems learning from data ) )
using analytics
) ) Analyze and interpret
Simulate human Predict outcomes and o
Purpose ) i data for decision-
intelligence learn patterns )
making
Not always dependent on )
Data . . Data-driven (may or
data (can use rules-based ~ Highly data-driven .
Dependence AD) may not involve ML)
. Logic, reasoning, Regression, classification, Statistics,
Techniques ) ) . o
Used knowledge representation,  clustering, neural visualization, ML, data
se
ML networks mining, reporting
Predictions, Insights, reports,

Intelligent actions, ) )
Output ) classifications, automated dashboards,
problem-solving N )
decisions recommendations
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o Spam filters, Business analytics,
Self-driving cars, chatbots,

Examples bot recommendation engines, healthcare predictions,
robots , . )
image recognition customer segmentation

While these fields have distinct roles, they are complementary: Al provides intel-
ligence, ML provides learning, and Data Science provides insights from data to feed
intelligent systems.

Recap

¢ Machine Learning (ML) is a branch of Artificial Intelligence (AI) that
enables systems to learn from data and improve automatically without
explicit programming.

¢ Learning from experience is the core principle of ML, as emphasized by
pioneers like Alan Turing, Arthur Samuel, and Tom®WMitchell.

¢ Alan Turing (1950) suggested that machines could learnifrom experience
rather than being programmed for every task.

¢ Arthur Samuel (1959) defined ML astthénficld that gives computers the
ability to learn without being expligitly programmed.

¢ Tom Mitchell (1997) defined ML formally: A program learns from experience
E with respect to task 7 and performance measure P if its performance
improves with experiencé.

¢ Key characteristics of ML inelude learning from data, improvement over
time, pattern recognition, minimal explicit programming, adaptability, and
automation.

¢ Scope of [IML cevers 'a wide range of areas including healthcare,
finance, education, retail, transportation, agriculture, cybersecurity, and
manufacturing.

¢ ML in digital transformation helps automate tasks, make data-driven
decisions, personalize services, and enable smart technologies.

¢ Advantages of ML include automation, improved accuracy, personalization,
handling large and complex data, and predictive capabilities.

¢ Limitations of ML include dependency on large datasets, high computational
cost, “black box™ nature, bias in data, and privacy concerns.

¢ Applications in everyday life: recommendation systems, email spam filtering,
virtual assistants, navigation apps, personalized advertisements, and social
media analytics.

¢ Industry applications: medical diagnosis, fraud detection, autonomous
vehicles, predictive maintenance, precision agriculture, and cybersecurity.
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Artificial Intelligence (Al) is a broader field focused on creating intelligent
systems capable of human-like reasoning, decision-making, and problem-
solving.

Relationship of ML and AI: ML s a subset of Al; ML uses data and algorithms
to achieve intelligent behavior in systems.

Key differences between Al and ML: Al aims for human-like intelligence
using rules, reasoning, or ML; ML focuses on learning from data to improve
performance.

Machine Learning vs. Data Science: ML builds predictive models; Data
Science extracts insights from data and may use ML as part of the workflow.

Data Science workflow vs. ML workflow: Data Science emphasizes data
exploration, analysis, and visualization, while ML emphasizes model
training, testing, and deployment.

Overlaps of ML and Data Science: Both use data, statistical methods, and
algorithms to derive insights or make predictions.

Comparison of Al, ML, and Data Science:
» Al Broad goal of intelligence
» ML: Subset of Al for learning from data

» Data Science: lterdisciplinary field for extracting insights,
sometimes using ML

Machine Learning,is a powerful technology enabling intelligent, data-driven
systems; it forms a bridge between Al and Data Science, playing a crucial
role in automation, prédiction, and modern digital transformation.

Objective Type Questions

Col e

Who is known as the father of Artificial Intelligence?

What does ML stand for in computing?

Who gave the first formal definition of Machine Learning?

According to Tom Mitchell, what are the three components in defining ML?
Name one key characteristic of Machine Learning.

Which branch of Al focuses on learning from data?

Give one advantage of Machine Learning.
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10.
I1.
12.
13.
14.

15

16.
17.
18.
19.
20.

Give one limitation of Machine Learning.

Mention one everyday-life application of ML.

Mention one industry application of ML.

How is Machine Learning related to Artificial Intelligence?
What is the main goal of AI?

What is the main focus of Data Science?

What is the difference between Al and ML in terms of data dependence?

. Name one ML workflow step.

Name one Data Science workflow step.

Give one example where ML and Data Science overlap.
Which ML application is used in email filtering?

How does ML contribute to digital transformation?

Name one limitation of ML related tefmodel interpretability.

Answers to Objective Type Questions

S O T -

10.
I1.
12.
13.

. Alan Turing

Machine Learning

Arthur Samuel

Task (T), Experience (E), Performance Measure (P)

Ability to learn from data

Machine Learning

Automation of tasks / Improved accuracy / Personalization (any one)

Requires large amounts of data / High computational cost / Risk of bias (any
one)

Recommendation systems / Virtual assistants / Spam filtering (any one)
Healthcare diagnosis / Fraud detection / Autonomous vehicles (any one)
ML is a subset of Al

To create machines capable of human-like intelligence

Extracting insights and knowledge from data
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14. Al may not always depend on data; ML heavily depends on data
15. Model training / Data preprocessing / Model evaluation (any one)
16. Data collection / Data cleaning / Data visualization (any one)

17. Predictive analytics using ML in business decision-making

18. Spam filtering in email services

19. By enabling automation, predictive decision-making, and personalized
services

20. Black box nature / Lack of interpretability of models

Assignments

1. Explain the concept of Machine Learning and its importance in modern
computing.

2. Discuss the scope and applications ofdVlachine [ earning.ifi everyday life and
industry.

3. Describe the advantages and limitations of Machine Learning with examples.

4. Compare and contrast Machine LearninggArtificial Intelligence, and Data
Science.

5. Explain the relationship between Al and ML, and describe how ML is a
subset of Al
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Unit 2

Mathematical Foundations of Machine
Learning

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ understand the basic mathematical ideas used in machine learning
¢ use vectors and matrices to work with data

¢ know basic probability and statistical measures used 1ML

¢ understand what cost functions are and why.they are needed

¢ learn how optimization methods (like_gradient descent)/help improve a
model

Prerequisites \ }
_
&

A basic foundation in sghool-levelémathematics is essential for learning the
mathematical concepts use %n this“unit. | Learners should know how to perform
arithmetic operations, workMumber “and solve simple equations. For example,
when calculating tlﬁ%ge scont;dents in a test, we add all the scores and
divide by 30. Thissimple idea s the basis of statistical measures such as mean and
is used frequently when' analyzing datasets in Machine Learning.

Basic Mnth Skills Alguha & Geometry ~ Computer & Data Basies




A basic idea of algebra and geometry also supports understanding the concepts in
this unit, especially Linear Algebra. Knowing how to plot points on a graph or work
with simple algebraic expressions helps learners better understand vectors, matrices,
and distances. For instance, if height and weight of students are plotted on a graph, each
student is represented as a point (vector). Later, similar representations are used in ML
to compare data points and identify patterns.

In addition, learners should have basic computer literacy and familiarity with simple
data-handling tools like MS Excel or calculators. For example, typing monthly expenses
into a spreadsheet and automatically calculating totals or percentages provides an early
experience of optimization finding the best way to manage results. These basic skills
prepare learners to understand cost functions and optimization techniques, which help
Machine Learning models improve accuracy and performance.

Keywords

Linear Algebra, Scalars, Vectors, Matrices, Norms, Eigenvalues, Eigenvectors, Adap-
tive Learning Rate Methods.

Discussion

2.2.1 Introduction to Mathematical Foundations

Machine Learning (ML) is a field that enables systems to learn patterns from data
and make decisions or predictionseBehind every algorithm, formula, and model lies
a strong mathematical base. Mdthematics,acts as'the "language" of machine learning,
helping to explain how data behaves, How models learn, and why certain algorithms
perform better than others. Mathematical /foundations allow us to move from just
applying ML tools to_fullyrunderstandinghiow they work internally making it possible
to design better models, tune parameters, and solve real-world problems efficiently.

This topic introduees learners to the mathematical concepts that play a major role
in ML, such as linear algebra,frobability, statistics, cost functions, and optimization.
These areas collectivelydh@élp transform raw data into meaningful insights. Without
math, machine learning would simply be a “black box” where results are produced
without clarity on how or why. Mathematical foundations give transparency, accuracy,
and confidence in building and evaluating machine learning systems.

2.2.1.1 Importance of Mathematics in Machine Learning

Mathematics is essential in machine learning for several reasons:

1. Understanding data representation: Data is often stored as numbers in
tables, spreadsheets, or arrays. Mathematical tools like vectors and matrices
help us organize and process this information. For example, in image
recognition, each image is converted into a large matrix of pixel values
which is then processed using linear algebra.

@ SGOU - SLM - BSc- Data Science and Analytics - Machine Learning




2. Building models and algorithms: ML models, such as linear regression
or neural networks, are built using mathematical formulas. The slope
and intercept in linear regression are calculated using statistical methods.
Similarly, neural networks use matrix multiplication and calculus to update
weights during learning.

3. Evaluating model performance: To check whether a model is performing
well, mathematical measures like accuracy, mean squared error, variance,
and standard deviation are used. These help determine how close predictions
are to actual values.

4. Improving model accuracy through optimization: Optimization methods
such as gradient descent use calculus to minimize errors and fine-tune
models. For example, while training a spam-filter classifier, optimization
techniques gradually adjust the model until prediction errors are minimized.

In simple words, mathematics gives ML models the ability to "think, learn, and
improve."

2.2.1.2 Overview of key Mathematical areds

Machine learning relies mainly on four coresimathematical areas, each serving a
specific purpose:

¢ Linear Algebra: Focuses on vectors, matrices, and operations on them.
It helps in representing data, and performing large-scale computations.
Example: Image processing, Principal“Component Analysis (PCA), and
neural network weight updates #€ly‘on matrix multiplication.

¢ Probability: Helps,us measure uncertainty and make predictions. It answers
questions such as: "How likely7is this email to be spam?" or "What is the
chance a customerwill' buy a product?" Concepts like conditional probability
and Bayes’ théorem form the backbone of many classification algorithms.

¢ Statistics: Supports’ analyzing and summarizing data. Concepts like
mean, variance, correlation, and distributions help understand patterns
and variability in data. Example: Finding the average score of students or
predicting future sales using past trends.

¢ Cost Functions and Optimization Techniques: Cost functions measure
how wrong a model’s predictions are. Optimization techniques (e.g.,
gradient descent) attempt to reduce this error. Example: While training a
machine translation model, optimization helps adjust parameters to improve
translation quality.

Together, these areas form the toolkit that enables machine learning to transform
data into intelligent decisions.
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2.2.2 Linear Algebra for Machine Learning

Linear Algebra is the branch of mathematics that deals with vectors, matrices, and
operations applied to them. In machine learning, almost all data and model parameters
are represented using these structures. Whether it is a dataset in a table, a grayscale
image made of pixel values, or weights inside a neural network, linear algebra provides
the mathematical language to store and process this information efficiently.

Machine Learning models often operate on large datasets, where thousands of
features must be handled at once. Performing these operations one value at a time would
be slow and impractical. Instead, using vectors and matrices allows the algorithm to
execute many calculations at once, improving speed and making computation scalable.
Therefore, understanding linear algebra is crucial for anyone who wants to build, tune,
or analyze ML models.

Why Linear Algebra is important in ML?

Linear Algebra is important in Machine Learning because, it helps represent and
process data efficiently using vectors and matrices. Most ML algorithms, such as linear
regression and neural networks, use matrix operations to make predictions and learn
patterns from data. It also supports techniques like ‘dimensionality reduction (e.g.,
PCA) to simplify complex data and improyv€ performancenln.addition, optimization
methods like gradient descent rely on vector and matrix calculations. Overall, Linear
Algebra forms the basic mathematical foundation that makes machine learning models
work effectively.

¢ Data Representation: Data in{ ML is often represented as a matrix.
Example: A dataset of 1,0000students with 5 features each (age, score,
attendance, etc.) is represented as a/1000 x 5 matrix.

¢ Model Parameters /Weights: Machine learning models, especially neural
networks, store their learned knowledge as matrices and vectors.

¢ Operations for Learning: During training, models repeatedly perform
matrix multiplication and addition to update weights, core linear algebra
operations.

¢ Speed and Efficiency: GPUs (Graphics Processing Units) are optimized to
perform matrix operations quickly, making linear algebra essential for deep
learning.

Example from Real-World ML

Imagine building a system that identifies handwritten digits (0-9). A 28 x 28 pixel
image is converted into a 784-element vector. Multiple such images form a matrix
dataset. The neural network uses matrix multiplication to compare input data with
stored parameters and predict the digit. Without linear algebra, this process would not
be possible.
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Applications of Linear Algebra in Machine Learning

¢ Dimensionality Reduction (PCA uses eigenvalues & eigenvectors to reduce
feature count).

¢ Recommender Systems (matrix factorization for movie or product
recommendations).

¢ Neural Networks (weights and activations are stored and computed as
matrices).

¢ Computer Vision (image transformations, pixel matrix operations).

Linear Algebra is the core mathematical tool that supports data representation, model
computation, and optimization in Machine Learning systems. From training algorithms
to processing images and making predictions, almost every ML operation involves
matrices and vectors. A strong understanding of these comcepts helps learners build
more accurate and efficient ML models.

2.2.2.1 Basics of Vectors and Matrices

Linear Algebra is a fundamental tool in_Maehine Learnings/and at its core are
scalars, vectors, and matrices, the building'blocks used to represent data and perform
computations. Understanding these concepts helps learners visualize how machine
learning models store information, process inputs, and generate outputs. In ML,
datasets, weights of models, and even,images,are exptessed using these mathematical
objects, making them essential£o algorithm performance and interpretation.

A. Scalars, Vectors, and Matrices

¢ Scalar: A sealar 1s a singlémumerical value. It is often used to represent
quantities such as leaffiing rate, cost value, or a single measurement (e.g.,
number of studefits in a class).

Example: Learning raté = 0.05 or number of features = 10.

¢ Vector: A vector is an ordered list of numbers arranged either horizontally
or vertically. It represents a set of related values. For example, a single row
of a dataset.

Example: A student’s features (age, marks, attendance) can be written as a
vector:

v =[187892]
In ML, vectors are used to represent input data and weights in models.

¢ Matrix: A matrix is a 2-dimensional arrangement of numbers in rows and
columns.

Example: A dataset with 4 students and 3 features is represented as:

m SGOU - SLM - BSc- Data Science and Analytics - Machine Learning @




18 78 92

19 65 88
X 18 90 95
20 70 85

Matrices are used in ML to handle large datasets and perform multiple calculations
at once.

B. Matrix operations: Addition, Multiplication, and Transpose

Matrix operations help machine learning algorithms learn patterns and update model
parameters.

¢ Matrix Addition: Two matrices can be added only if they are of the same
size. Let the matrix A and B be,

2 4 5 1
a=li 3] 2= o
Then A+B is,

oo BTN

14+2 3+6/ T13 9

¢ Matrix Multiplication: o multiply twoesmatrices, the number of columns
in the first matrix must equal thé number of rows in the second. Let the
matrix A and B be,

4
A=11"2 3], B=|5
6

Then A x B is,
AXB=(1x4)+(2x5+(3x6)=32

Matrix multiplication is heavily used in neural networks for computing activations.

¢ Transpose of a Matrix: Transpose means flipping a matrix over its diagonal,
rows become columns and columns become rows.

1 2
a-ls ]
hen, the transpose of A (denoted as A" ) is:

r 13
A [E 4]
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Transpose is used in ML to align dimensions and structure data for calculations.

C. Special matrices: Identity, Diagonal, Symmetric

Some matrices have special properties and are useful in optimization and deep
learning.

¢ Identity Matrix (I): An identity matrix is a square matrix in which all the
elements on the main diagonal are 1, and all other elements are 0. It acts
like the number 1 in multiplication, meaning multiplying any matrix by the
identity matrix gives the same matrix.

Example (3 x 3 Identity Matrix):

1 0 0
I'—=10 1 0
0 0 1

Multiplying any matrix by the identity leaves it unchanged (like multiplying a
number by 1).

Used in: Model initialization and transformation operations.
¢ Diagonal Matrix: A diagonal matrix is a matrix in-which all elements

outside the main diagonal are zero, and only the diagonal elements can have
non-zero values.

Example:
- 0
D=0 & 0
nsn v

Such matrices are importantdmdimensionality reduction (e.g., PCA).

¢ Symmetric Matrix: A{symmetric matrix is a matrix that is equal to its
transpose, meanings

S=ST
2 4
? 4 6

Here, the elements across the diagonal are the same, so the matrix remains unchanged
when transposed. Symmetric matrices are widely used in ML, especially in covariance
matrices and optimization problems.

The table 2.2.1 below outlines the direct connection between essential machine
learning processes and their underlying linear algebra components.
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Table 2.2.1 ML Connection with Linear Algebra

ML Operation Linear Algebra Component
Dataset storage Matrices

Feature of one data example Vector

Output label or cost value Scalar

Neural network weight updates ~ Matrix multiplication

Dimensionality reduction (PCA) Eigenvalues / diagonal matrices

2.2.3 Vector and Matrix Properties

This section focuses on some fundamental properties and operations involving
vectors and matrices. These concepts are extremely important in Machine Learning
because many ML algorithms represent data and model parameters using vectors and
matrices. Understanding how vectors interact with each oether and learning how to
measure their size, similarity, and relationships enables us towunderstand ML models
better.

2.2.3.1 Dot Product and Cross Product

A. Dot Product: The dot product (also called inner product) is an operation that
takes two vectors of the same size and produces a single number (scalar). It is a
measure of similarity between two vectors.

Formula (for vectors in R"):
If a = [ay, a2, ..., a4] and b/= [by, b3, ..., bys], then
a.b=ab, £a,b, +:-+a,b,
Geometric Interpretation:
a.b=|lallb]|cos(8)

where 0 is the angle between vectors a and b.
Meaning:

¢ Ifa-b=0,vectors are orthogonal (perpendicular).

¢ Ifa-b>0,angle <90° (vectors point in similar direction).

¢ Ifa-b<0,angle>90° (vectors point in opposite direction).
Example in ML:

Dot product is used in cosine similarity, one of the most common similarity measures
in recommendation systems and text analytics.
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B. Cross Product: The cross product is an operation between two vectors in
3-dimensional space and results in a new vector that is perpendicular to both
original vectors.

Formula (3D vectors only):

For vectors a = (ai, a2, as) and b = (b, bz, bs):

i 7 k
axb=|a a> ay
by by by

The cross product is:
a X b = (azbs — azby)i — (a1bs — azhy)j + (a;b; — azby)k
Key Characteristics:

¢ Result is a vector, not a scalar.
¢ Direction is determined using the rightshandrule.

¢ Mainly used in 3D geometry and gtaphics, less common in ML but important
conceptually.

2.2.3.2 Norms (L1, L2) and distances

A. Vector Norm

A norm measures the magnitude,or length of a vector, similar to how we measure the
size of a number uging absolute,value.

1. L1 Norm (Manhattan Norm)

The L1 norm of a vectatisithe sum of the absolute values of its components, expressed
as

lali=la; | +la; |+l ay,l

It is also called the Manhattan distance because it resembles moving along a grid,
like navigating city blocks. In machine learning, the L1 norm is widely used in L/
regularization (Lasso), which encourages sparsity in models by reducing some feature
coefficients to zero. This makes L1 regularization particularly useful for feature selection
and simplifying models.

2. L2 Norm (Euclidean Norm)

The L2 norm of a vector is the square root of the sum of the squares of its components,
expressed as
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lall,=ya}+a++a2

It represents the straight-line (Euclidean) distance of the vector from the origin.
In machine learning, the L2 norm is commonly used in L2 regularization (Ridge
regression), which helps control overfitting by penalizing large coefficients, thereby
improving model generalization.

B. Distances

The distance between two vectors measures how far apart they are in a feature space.
The Euclidean distance (L2 distance) is calculated as:

d(a,b) =/(ay — by)* + (a; — b;)? + -+ + (@, — by)?, representing the straight-
line distance between the vectors.

The Manhattan distance (L1 distance) is computed as:

d(a,b) =la; — by | +l a3 — by | +++ +| a, — b, |, measuring distance along axes
like city blocks.

In machine learning, these distance measures are widely used in algorithms such as
K-Nearest Neighbors (KNN) to find the closest data points, as well as in clustering and
anomaly detection to evaluate similarity or detect outliers.

2.2.3.3 Orthogonality and linear independence

A. Orthogonality

Two vectors are said to be orthogonal 1f their dot product equals zero,
1., d-bh=0-
This means they are perpendieular to each other, forming a 90° angle.

In machine learning, orthogonality is valuable because orthogonal features
are uncorrelated, meaning_they provide unique and non-overlapping information.
Techniques such as Principal Component Analysis (PCA) make use of this principle
by generating orthogonal principal components, helping reduce dimensionality while
preserving the maximum amount of variance in the data.

B Linear Independence

A set of vectors is linearly independent if no vector in the set can be written as a
combination of other vectors.

Example:

¢ Vectors (1,0) and (0,1) are independent.

¢ But vectors (1,2) and (2,4) are dependent because (2,4) =2 x (1,2).
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In machine learning, linear independence means that each feature provides its own
unique information. If some features are linearly dependent, it means they are repeating
the same information, which leads to redundancy. This can also make the model cal-
culations unstable or harder to solve. Therefore, having linearly independent features
helps the model learn better and more efficiently.

The table 2.2.2 below provides a concise overview of each key concept, explaining
its meaning, type of output, and how it contributes to machine learning processes.

Table 2.2.2 Overview of Mathematical Concepts, Outputs, and ML Relevance

Concept Meaning Output Type Relevance in ML
Similarity between Used in cosine
Dot Product Scalar o )
vectors similarity, embeddings

Vector perpendicular .
Cross Product Vector Geometry, physics
to 2 vectors

Sum of absolute Lasso regularization,
L1 Norm Scalar i
values sparsity
Square root of sum of ) o
L2 Norm Scalar Ridge regularization
squares
Euclidean ) ) ) )
. Straight-line distance Scalar Clustering, KNN
Distance
. Vectors at 90°, dot y _
Orthogonality Condition Feature independence
product =0
Linear Vectors contain unique

. . Set property Avoid redundancy
Independence information

2.2.4 Eigenvalues andgEigenvectors

Eigenvalues and ecigenvectors are fundamental mathematical concepts in linear
algebra that play a key,#ole in understanding transformations applied to data.
Given a square matrix A, an eigenvector is a non-zero vector whose direction remains
unchanged when the matrix is applied to it, except for being scaled by a constant. This
constant is called the eigenvalue.

Mathematically, this is expressed as:

Av = Av
where:

¢ Ais a square matrix representing a transformation,
¢ vis the eigenvector,

¢ Ais the eigenvalue (scaling factor).
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The significance of eigenvalues and eigenvectors lies in their ability to reveal the
principal directions along which data varies and how strongly it varies. They help
simplify complex matrix operations by converting transformations into diagonal
forms, making calculations more efficient. In machine learning, this understanding is
important because algorithms often depend on analyzing structure, orientation, and
variance within datasets.

2.2.4.1 Applications in dimensionality reduction (e.g., PCA)

One of the most important uses of eigenvalues and eigenvectors in machine learning
is in dimensionality reduction, particularly through Principal Component Analysis
(PCA).

¢ PCA converts high-dimensional data into a low-dimensional form while
preserving the most important information.

¢ It identifies principal components, which are new axes formed based on the
eigenvectors of the data's covariance matrix.

¢ The eigenvalues indicate how much variange each prineipal component
captures larger eigenvalues represent directions along which data varies the
most.

How PCA uses eigenvalues and eigenvectors?

¢ A covariance matrix is creatéd from the datasét to understand relationships
between variables.

¢ Eigenvalues and eigenvectors of this covariance matrix are computed.
¢ Eigenvectors'define the newifeature directions (principal components).
¢ FEigenvalues determine which directions are most significant.

¢ Only components_with the highest eigenvalues are selected, reducing
dimensionality while keeping key variance.

Example:

Suppose we have a dataset with 50 features, but only 5 features contain most of the
variability. PCA can transform the data into a new 5-dimensional space by selecting the
5 eigenvectors with the largest eigenvalues making computations faster and reducing
noise, while retaining useful patterns for ML models.

Why it Matters in Machine Learning?

Dimensionality reduction offers several benefits in machine learning. It helps speed
up computation, especially when working with large datasets, and removes redundant
or irrelevant features, making the model more efficient. By reducing noise and
multicollinearity, it improves model performance, and converting high-dimensional
data into 2D or 3D also makes visualization easier and more interpretable.
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2.2.5 Matrix Decomposition

Matrix decomposition (also known as matrix factorization) refers to the process of
breaking down a complex matrix into simpler component matrices. This helps simplify
mathematical operations, improve computational efficiency, and reveal hidden structure
within data. In machine learning, matrix decomposition is used in optimization,
dimensionality reduction, noise reduction, collaborative filtering, and recommender
systems.

2.2.5.1 LU decomposition

LU Decomposition (Lower—Upper decomposition) expresses a square matrix Aas
the product of two triangular matrices:

A=LU

where:

¢ L is Lower triangular matrix (elements above diagonal arézero).
¢ U is Upper triangular matrix (elements below diagonal are zero).

This decomposition is especially useful for

¢ Solving systems of linear equations.
¢ Inverting matrices.
¢ Performing Gaussian elimination more efficiently.
Example uses in computation:
Instead of solving Ax = bdifectly, we rewrite:
LUx=0»b
Let Ux = y, then:

1. Solve Ly = b using forward substitution.

2. Solve Ux = y using back substitution.

This two-step process is faster and computationally more stable, especially for large
datasets or repeated solutions, which is common in ML training processes where param-
eters must be repeatedly updated.

2.2.5.2 Singular Value Decomposition (SVD)

Singular Value Decomposition is a powerful matrix factorization technique that
works on both square and non-square matrices. It decomposes a matrix Ainto three
matrices:
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A=UzVT
where:
¢ U is Orthogonal matrix representing left singular vectors.
¢ L isDiagonal matrix containing singular values (strength of each component).

¢ VT is Transpose of orthogonal matrix representing right singular vectors.
Why SVD is important?

¢ It reveals the underlying structure of high-dimensional data.

¢ Helps identify dominant patterns and reduce dimensionality.

¢ Filters noise by keeping only the strongest singular values.

Applications of SVD in Machine Learning

¢ Dimensionality Reduction: Similar to PCA;SVD can compress data while
preserving key information.

¢ Recommender Systems: Used in movie or, product recommendation
algorithms (e.g., Netflix, Amazon) to discover latent factors underlying user
preferences.

¢ Noise Reduction / Data Cleaning: Strong singular values are kept while
weaker ones (noise) ate discarded.

¢ Topic Modelingsilbatent SemanticAnalysis (LSA) uses SVD to analyze text
and extract semantic structure from large document collections.

Why Matrix Decomposition Matters in Machine Learning?

L 4

Improves computational efficiency for large-scale models.

¢ Enables compression of data for faster training and inference.

<

Reveals patterns and structure hidden within raw datasets.

¢ Helps solve optimization problems that form the base of ML algorithms.

2.2.6 Probability and Statistics for Machine Learning

Probability theory helps machine learning systems reason under uncertainty. Since
real-world data often includes randomness, missing values, and unpredictable behavior,
probabilistic modeling allows algorithms to estimate outcomes based on likelihood

rather than certainty.
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2.2.6.1 Probability Theory Basics

A. Random Variables

A random variable is a numerical value determined by a random process or event.
It represents the possible outcomes of an experiment in a mathematical way.

Types of Random Variables

¢ Discrete random variable takes fixed, countable values.

Example: Number of correct answers a student marks in a 10-question quiz
(0-10).

¢ Continuous random variable takes any real value within a range.

Example: Height of students in a class (e.g., 162.5 cm, 170.3 cm).

ML Connection Example: In spam email detection, eachiemail can be assigned a
random variable value (1 = spam, 0 = not spam). ML models analyze probabilities to
decide classification.

B. Probability Distributions: Discrete and«Continuous

A probability distribution shows how /probability is assigned to different possible
outcomes of a random variable.

1. Discrete Probability Distribution: Used when values are countable and exact.

Example: Tossing a coin

+ FP(Heads) =0.5

¢ P(Tails) =0:5

Other examples: Rolling@die, number of customer complaints in a day.

2. Continuous Probability Distribution: Used when values vary smoothly across
a range; probability is represented as an area under a curve.

Example: Distribution of student test scores. Scores are not restricted to integers
and may vary continuously across a scale.

ML Connection Example:

¢ Continuous distributions help algorithms understand natural variation in
datasets, such as predicting house prices.

¢ Discrete distributions help classification models assign probabilities to
specific categories.
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C. Conditional Probability and Bayes’ Theorem

Conditional Probability : Conditional probability measures how likely an event is
given that another event has already occurred. Denoted as,

P(A|B)

Example:

Probability a student brings an umbrella (A), given it is raining (B), is higher than on
a sunny day. So, P(A | B)> P(4).

Bayes’ Theorem : Bayes' theorem provides a way to update existing knowledge (prior
probability) after observing new evidence.

P(B | A)P(A)

P(A|B) = P

where:

¢ P(A)=Prior probability (initial belief).

¢ P(B | A)=Likelihood (probability of evidence given eondition).

¢ P(A | B)=Posterior probability (updated belief after seeing evidence).
Practical Example : Spam Dete€tion
Let:

¢ A = email is spam.

¢ B = email contains'the word “free”.

ML algorithm estimates:

¢ P(A): probability any email is spam (based on history).

¢ P(B | A): probability “free” appears in spam emails.

¢ P(A | B): updated probability an email is spam given it contains “free”.
This helps a spam filter automatically learn and make decisions.

Why these basics matter for ML?

¢ Machine learning models often output probabilities, not fixed answers.

¢ Classifiers (e.g., Naive Bayes, logistic regression) depend heavily on
probability theory.
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¢ Understanding distributions and conditional probability helps select better
features and evaluate uncertainty in predictions.

2.2.6.2 Key Statistical Concepts

Statistics provides tools for summarizing, analyzing, and understanding data.
In machine learning, these concepts help identify trends, measure variability, and
determine relationships between features — all of which influence how models learn
and make predictions.

A. Mean, Median, Mode (Measures of Central Tendency)
These measures describe the center or typical value in a dataset.

¢ Mean (Average): Sum of all values divided by number of values.

X
Mean = E—
n

Example: Test scores: 30, 35, 40, 45.
Mean = (30+35+40+45) / 4 = 37.5.
¢ Median: Middle value when data s arranged in order.
Example: 10, 14, 18, 22, 26,
Median = 18. (If even'count, average of two middle numbers.)

¢ Mode: Most frequently eccurring value.
Example: Shoe sizes in class: 6,6, 7, 8, 6.

Mode = 6.
ML Relevance: Central tendency helps in,

¢ Understanding typical user behavior.
¢ Filling missing values (mean/median imputation).

¢ Detecting skewed data that may bias training.

B. Variance and Standard Deviation (Measures of Spread)

These metrics show how widely data values are spread out around the mean.

¢ Variance: Average of squared deviations from the mean.

JZZM

n
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¢ Standard Deviation (SD): Square root of variance.

o =+o?
Example: Student scores: 10, 20, 30.
Mean = 20.
Variance = [(10 — 20)2 + (20 — 20)? + (30 — 20)?]/3 = 66.67.
SD = V66.67 = 8.16.

ML Relevance:

¢ Detects noisy, highly variable features.

¢ Used in feature scaling (z-score standardization).

7 =
a

Models prefer low variance for stable predictions.

C. Covariance and Correlation (Relationship Between Variables)

These concepts measure how two variables move in relation to each other.

¢ Covariance: Covariancedescribes the direction of the relationship between
two variables. A positive covarianée means that the variables increase or
move together, whilea negative covariance means that when one variable
increases, the other tends to decrease. Covariance helps in understanding
whether twodeatures changennsthe same direction or in opposite directions.

¢ Correlation: Stafidardized measure of relationship strength.

cov(X,Y)
r=————mm

Ox Oy
Correlation ranges from —1 to +1.
¢ +1 = perfectly positively related.
¢ —1 = perfectly negatively related.
¢ 0 =no linear relationship.

Example:

Height vs. weight often shows a strong positive correlation (around 0.6-0.9).
Number of pens in a bag vs. exam marks shows nearly zero correlation.
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ML Relevance:

¢ Feature selection: highly correlated variables may cause redundancy
¢ Helps decide which features strongly predict a target variable
¢ Used in algorithms like PCA and linear regression

Why these concepts matter?

These statistical tools allow ML practitioners to:

¢ Summarize datasets before training (exploratory data analysis)
¢ Identify patterns, outliers, and distribution shape

¢ Transform and select features to improve model accuracy

2.2.6.3 Common Probability Distributions

Probability distributions describe how values of a random variabl@are spread or occur.
In Machine Learning, selecting the right distribution helps in modeling uncertainty,
generating synthetic data, estimating parametessyand making predictions.

Probability distributions are broadly categorized into\Discrete (values take integers
or counts) and Continuous (values lie on a continuous scale).

A. Normal Distribution: Thed/Normal Distribution (Gaussian distribution) is
a continuous probability distribution that describes data that tends to cluster
around a central value. It forms a bell-shaped curve, where most values lie close
to the mean, and fewer values appear a§ you move farther away.

Characteristics

¢ Bell-shaped and symmetric around the mean ().
¢ Mean = Median = Mode, all located at the center of the curve.
¢ Defined by two parameters:

*  Mean (p): determines the center or peak of the curve.

* Standard deviation(c ): measures the spread; larger 6 means
a wider curve.

¢ Total area under the curve = 1 (represents 100% probability).

¢ Values near the mean occur most frequently, and probability decreases
toward the tails.
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Equation of Normal Distribution

The Probability Density Function (PDF) for a Normal Distribution is:

Fl) = —— o8
x) = e 2a
oy 21

where:

¢ x=value of the variable.

¢ [{=mean.

¢ o= standard deviation.

¢ e=Euler’s constant (~2.718).

Example Applications

¢ Modeling heights, test scores, measurement errors, 1Q levels.

¢ Used in ML for Gaussian Naive Bayes, probabilistic modgling, and feature
scaling assumptions.

ML Connection: Used in Linear Regression error modeling, Naive Bayes (Gaussian),
Gaussian Mixture Models, PCA assumes normality, and z-score data normalization.

B. Bernoulli, Binomial, and/#oisson Distributions

1. Bernoulli Distribution: A Bernoulli/distribution is a discrete probability
distribution for ag@fidom ‘experiment that has only two possible outcomes:
success (1) or failure (0), such'as'yes/no or true/false events.

Equation: Probabilityymass function (PMF),
PX=1) =p, PX=0)=1-p
Example
¢ Tossing a coin where Head = 1, Tail =0
¢ Whether a customer buys a product: Buy = 1, No-Buy =0
ML Use: Used in Binary Classification, Logistic Regression, Spam-not-spam prediction.

2. Binomial Distribution: When a Bernoulli trial is repeated n times, the total
successes follow a Binomial distribution.

Equation
n
P =1 = (7)p* (1 —p)"*
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Example

¢ Flipping a coin 10 times: probability of getting 6 Heads

¢ Out of 100 website visitors, how many will subscribe?
ML Use: Helps model success counts, A/B testing, click-through-rate prediction.

3. Poisson Distribution: Poisson models the number of events occurring in a fixed
time or space, when events happen randomly and independently.

Equation: Probability mass function,
koA

k!

P(X=k)=

where

¢ A= average number of events.
¢ &= Euler's constant (~2.718).

Example

¢ Number of calls arriving at a call ¢eénter per minute

¢ Number of typing mistake§ per page
ML Use:Used in anomaly detection, traffic forecasting, event count modeling.

C. Exponential and{Uniform Distributions

1. Exponential Distribution:), The Exponential distribution is a continuous
probability distribution that models the time between events occurring at a
constant average rate. It is.0ften used to measure waiting times in processes.

Equation

flx)=de ™™ x=0
where:

¢ A= rate parameter (average number of events per unit time)
¢ e=Euler’s constant (~2.718)

Example

¢ Time gap between two trains arriving at a station.

¢ Time before a customer visits a webpage again.
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ML Use: Used in survival models, failure prediction, time-to-event analysis.

2. Uniform Distribution: The Uniform distribution is a continuous probability
distribution where all outcomes are equally likely within a given interval [B].
The probability is distributed evenly across the range.

Types

¢ Discrete uniform (finite integers, equal probability).
¢ Continuous uniform (any real value between a and b is equal).

Equation

1
f(x) :{b_a,a‘_ix = b0, otherwise

Example

¢ Randomly guessing a number between 1 andal 0.

¢ Random initialization of neural network weights uses siniform random
numbers.

ML Use: Used in random sampling, data shuffling, neural network initialization.

To consolidate the key ideas andiprovide a quickdcomparison, the following table
2.2.3 summarizes the main probability distributions, their meaning, examples, and rel-
evance in Machine Learning.

Table 2.2.3 Summary of commomprobability distributions and their applications in

ML
Distribution Type Example Data Example Use in ML
) Regression errors, PCA, Gaussian
Normal Exam'scores, human height NB
Bernoulli Buy/Not Buy Binary classification
) ) Number of successes in 10 ) o
Binomial . A/B testing, CTR prediction
trials

. Event prediction, anomaly

Poisson Number of calls per hour .
detection

Exponential Time gap between events  Survival analysis

) ] Weight initialization, random
Uniform Random number in range

splits
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2.2.6.4 Expectation and Variance in ML

In probability and statistics, expectation and variance are fundamental mathematical
tools that help describe the behavior of random variables. In machine learning, they are
widely used to analyze data, evaluate model performance, and understand uncertainty
in predictions. They form the basis for many algorithms, especially those involving
optimization, loss functions, and probabilistic modeling.

A. Expected Value of a Random Variable: The expected value (mean) represents
the long-term average of a random variable if an experiment or event could be
repeated infinitely many times.

For a discrete random variable:
EIX1= ) x-P(x)
i

For a continuous random variable:
E[X]:J- x- f(x)dx

Example: A coin is tossed where Heads = 1 and Tails = 0. i.e.;
E[X]= (1.x 0.5)% (0 X 05) = 0.5
This means on average, half the flips will résult in Heads.

ML Relevance

¢ Used to compute expeeted loss during optimization
¢ Helps estimate'expected/prediction outcomes

¢ Used in evaluating algorithms such as expected risk minimization

B. Variance and Standard Deviation

While expectation gives the average, variance measures the spread or variability of
data around the mean. Standard deviation is the square root of variance and represents
spread in the same scale as the data.

Variance:

Var(X) = E[(X — p)°]

Standard deviation:

o=,/ Var(X)
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Example

Dataset of test scores: 40, 50, 60.

404+50+60
Mean [ = T = 50.

(40—50)?+(50—50)%+(60—50)? _ 100+0+100
3

= 60.67.

Variance Var( X ) —
A large variance indicates high spread, while a small variance shows that values are
close to the mean.

ML Relevance

¢ Used in feature scaling (standardization: z-score uses mean and standard
deviation).

¢ Helps identify noisy features (high variance may indicate variability).

¢ Used in regularization techniques to reduce variance of model predictions.

2.2.7 Cost Functions in Machifi¢ Learning

In machine learning, a cost function (also called a 10ss function) is a mathematical
function that measures how well asmedel's prediction§ match the actual target values.
It quantifies the error of a model and provides a'way to guide the learning process. The
goal of most ML algorithms is to minifnize the cost function, which improves model
accuracy.

A. Definition and/Role of Cost Funections

A cost function assigns a numerical value to the prediction error:

Cost= f (predicted value, actual value)
Roles of Cost Functions:

1. Measure Model Performance: Helps understand how far off predictions
are from true values.

2. Guide Optimization: Most learning algorithms, such as gradient descent,
rely on cost functions to adjust model parameters.

3. Compare Models: Enables selecting the best model or configuration by
comparing their cost values.

Without a cost function, a machine learning model would not have a quantitative
measure of correctness and could not iteratively improve itself.
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B. Examples of Cost Functions

1. Regression Tasks

¢ Mean Squared Error (MSE): Measures the average squared difference
between predicted and actual values,
T

1 =2
MSE=—)  (n—50)

i=1
Example: Predicting house prices, MSE penalizes larger errors more heavily.

¢ Mean Absolute Error (MAE): Measures average absolute difference
between predictions and actual values,
T

1
MAEz—E r— .
- lyi —¥:

i=1
Less sensitive to outliers than MSE.

2. Classification Tasks

¢ Cross-Entropy Loss (Log Loss):/Measures difference between predicted
probabilities and actual class labels,

n
1
L= —;Z [vilog (7)) Bll=vy)log (1 — #;)]
=1

Example: Spam email detection, penalizes incorrect probability assignments.

¢ Hinge Loss (used in SVM): Measures error for maximum-margin classifiers,

L =max (0,1 —vy; - ¥;)

In machine learning, ¢ost functions play a crucial role by measuring the difference
between a model’s predictions and the actual values. They provide a quantitative way to
evaluate performance, guide the optimization of model parameters, and compare differ-
ent models. Different types of cost functions are used depending on the task: regression
tasks often use Mean Squared Error or Mean Absolute Error, while classification tasks
rely on Cross-Entropy Loss or Hinge Loss. By minimizing the chosen cost function,
machine learning models iteratively improve their accuracy, making cost functions cen-
tral to the training and effectiveness of any algorithm.

2.2.7.1 Common Cost Functions

Cost functions are essential in machine learning to evaluate model performance
and guide optimization. Different tasks require different cost functions depending on
the type of output and problem structure. The following are some widely used cost
functions:
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1. Mean Squared Error (MSE): MSE measures the average of the squared
differences between predicted values (¥) and actual values (y),

1% .
MSE=—) (v —7)
i=1

Example: Predicting house prices, if the actual price is $200,000 and the model predicts
$210,000, the squared error is (210,000 — 200,000)% = 100,000,000.

ML Relevance:
¢ Commonly used for regression tasks.

¢ Penalizes larger errors more heavily, which encourages models to reduce big
mistakes.

2. Cross-Entropy Loss (Log Loss): Cross-Entropy Lossdneasures the difference
between predicted probabilities and actual class labels,

L = 1 Y vl Vi 1 I 1—w
_—;; vilog () + (1 —yp)log (1 — )]

Example: In spam email detection, if an email is actually spam (label = 1) and the
model predicts a probability of 0.8, the loss is,

L =—[1-16g(0.8) +0y:log(0.2)] ~ 0.22
ML Relevance:

¢ Common in glassification probléms, especially binary and multi-class
classificatiofi.

¢ Encourages correct probability predictions rather than just correct labels.

3. Hinge Loss: Hinge“loss is used in Support Vector Machines (SVM) for
maximum-margin classification. It penalizes predictions that are on the wrong
side of the margin,

L =max (0,1 —vy; - ¥;)

Example: For a binary classification problem where y; = 1and ¥; = 0.6, the hinge loss
is,

L=max (0,1 -1-0.6)=04
ML Relevance:

¢ Encourages predictions to be not only correct but confidently beyond the
margin.

¢ Primarily used in SVMs and other margin-based classifiers.
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Common cost functions in machine learning are essential for measuring prediction
errors and guiding model optimization. Mean Squared Error (MSE) is widely used
in regression tasks and penalizes larger errors more heavily, encouraging accurate
predictions. Cross-Entropy Loss is commonly applied in classification problems, espe-
cially when predicting probabilities, as it measures the difference between predicted
and actual class labels. Hinge Loss, used in support vector machines, focuses on mar-
gin-based classification and encourages confident, correct predictions. By minimizing
these cost functions, machine learning models iteratively improve their performance
and generalization.

2.2.7.2 Properties of Cost Functions

Cost functions in machine learning have certain mathematical properties that
directly influence model training efficiency and optimization strategy. Understanding
these properties helps in selecting appropriate optimization algorithms and in designing
models that train effectively.

A. Convex vs. Non-Convex Functions

¢ Convex Cost Functions: A function is convex if, for any two points on its
graph, the line segment connecting themylies,abovewor on the graph. Convex
functions have a single global minumum, which,ensures that gradient-based
optimization methods reliably find the best solution.

Example:

¢ Mean Squared Error (MSE),in linear regression is convex.
If you plot MSE against the regression coefficient, it forms
a smoothslJ-shaped curve with a single lowest point (global
minihum).

*  Optimization using gradient descent on MSE will converge to
this global minimum efficiently.

¢ Non-Convex Cost Functions: Non-convex functions have multiple local
minima and maxima, which can make optimization more challenging.
Gradient descent may get trapped in local minima or saddle points.

Example:

» Cost functions in deep neural networks are highly non-convex
due to multiple layers and non-linear activation functions.

* Duringtraining, the optimizer may converge to alocal minimum
that is not the best possible solution, requiring techniques like
momentum, learning rate schedules, or stochastic methods to
escape.
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B. Smoothness and Differentiability

¢ Smoothness: A smooth cost function has continuous derivatives, meaning
it does not have abrupt jumps or sharp edges. Smoothness ensures that
optimization algorithms can follow gradients smoothly toward a minimum.

Example: MSE and Cross-Entropy Loss are smooth; their gradient changes
gradually, allowing stable updates in gradient descent.

¢ Differentiability: Differentiability allows computation of the derivative,
which indicates the direction of steepest descent. Non-differentiable points
can hinder standard gradient-based optimization, but subgradients or
approximations can be used.

Example: Hinge Loss in Support Vector Machines is not differentiable at the
margin (when 1 — y; - ¥; = 0), but subgradient methods allow optimization.

The following table 2.2.4 summarizes the key properties of'€ost functions, providing
examples and highlighting their relevance to optimization in machine learning.

Table 2.2.4 Properties of Cost Functions with Examples in Machine Learning

Property Description Example
Single global minimum; easy oo .
Convex T MSE in linear regression
optimization

Multiple minima; optimization ]
Non-Convex Loss in deep neural networks
may get stuck

Continuous derivatives; stable

Smoothness ) MSE, Cross-Entropy Loss
gradient updates
, o Gradient can be calculated; MSE, Cross-Entropy Loss;
Differentiability ) ) )
allows gradient descent Hinge Loss (subgradient used)

2.2.8 Optimization Techniques

Optimization is a central concept in machine learning, as it directly affects how
well a model learns from data. Most machine learning algorithms aim to find the best
parameters that minimize (or sometimes maximize) a cost or objective function. This
process allows the model to make accurate predictions and generalize effectively to
new data.

In machine learning, the primary goal of optimization is to find the best model
parameters that either minimize or maximize a given function. In supervised learning,
this typically involves minimizing a loss function, such as Mean Squared Error for
regression or cross-entropy for classification, to ensure accurate predictions. In
reinforcement learning, the objective is often to maximize a reward function, guiding
the model to make decisions that achieve the highest cumulative reward. Ultimately,
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optimization seeks the set of parameters that provide the best fit to the data or the best
performance according to the chosen objective.

Example: In linear regression, the model finds slope (im) and intercept (b) values that
minimize MSE, producing the line that best fits the training data.

2.2.8.1 Gradient-Based vs. Gradient-Free Methods

Gradient-Based and Gradient-Free Methods refers to two different approaches used
in optimization: gradient-based methods use derivative (gradient) information to guide
the search for optimal solutions, while gradient-free methods do not rely on derivatives
and instead explore solutions using alternative strategies.

1. Gradient-Based Methods

Gradient-based optimization methods use derivatives (gradients) of the cost function
to determine how the model parameters should change in_ order to reduce error. The
gradient points in the direction of the steepest increase, so_eptimization algorithms
move in the opposite direction (steepest descent) to minimize theyloss. These methods
are widely used in machine learning because they are very efficient, especially when
working with models that have many parameters, such as neural networks and large-
scale datasets.

Examples:
¢ Gradient Descent (Batch, Steehastic, Mini-batch).
¢ Momentum, Adam, RMSProp (variants for faster convergence).

Advantages:

¢ Efficient fof large models.

¢ Can convergeto local/global minima in smooth, differentiable cost functions.

Limitations:

¢ Can get stuck in local minima or saddle points.

¢ Requires differentiable cost functions.

2. Gradient-Free Methods

Gradient-free optimization methods do not rely on derivatives of the cost function.
Instead, they search and explore the parameter space using alternative strategies to
find the best values. These methods are especially helpful when the cost function is
non-differentiable, noisy, or has sudden jumps (discontinuities), making gradient-based
methods unsuitable.
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Examples:

¢ Genetic Algorithms
¢ Simulated Annealing
¢ Particle Swarm Optimization

Advantages:

¢ Can handle non-differentiable or complex cost surfaces
¢ Can explore multiple optima simultaneously

Limitations:

¢ Slower than gradient-based methods for high-dimensional problems

¢ Less efficient for large datasets

Optimization in machine learning involves adjusting model parameters to achieve
the best performance according to a cost or objective function/ Choosing between
gradient-based and gradient-free methods depends on, the naturé of the cost function,
differentiability, and computational resgurces. Understanding these techniques is
critical for training effective models.

2.2.8.2 Gradient Descent Méthods

Gradient Descent is a widely used eptimization technique in machine learning that
iteratively adjusts model parameters to minimize a cost function. It works by calculating
the gradient (derivative)of'the cost functien with respect to each parameter and moving
in the direction opposite to the gradient, thereby reducing the error. Gradient descent
methods differ mainly indiow much data is used to compute the gradient at each step,
which affects convergence speed and stability.

A. Batch Gradient Descent

Batch Gradient Descent computes the gradient of the cost function using the entire
training dataset in each iteration. This provides a precise estimate of the gradient and
ensures smooth and stable convergence toward the global minimum. However, it can be
computationally expensive for large datasets because every iteration requires processing
all data points.

Example: Consider linear regression with 10,000 training examples. Batch gradient
descent calculates the gradient using all 10,000 examples before updating the model
parameters. This ensures accurate updates but can be slow for very large datasets.

B. Stochastic Gradient Descent (SGD)

Stochastic Gradient Descent updates the model parameters using the gradient from
a single training example at a time. While this introduces high variance in updates and
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makes the optimization path noisier, it allows for faster iterations and can help escape
local minima in non-convex functions. SGD is particularly useful for large-scale and
online learning problems.

Example: Using the same linear regression problem, SGD updates the slope and
intercept after computing the gradient for each individual training example. This allows
faster updates, but the loss may fluctuate more during training.

C. Mini-Batch Gradient Descent

Mini-batch Gradient Descent strikes a balance between batch and stochastic meth-
ods by computing the gradient using a small subset of training examples (a mini-batch)
at each iteration. This approach reduces variance in updates compared to SGD while
being more computationally efficient than full batch gradient descent. Mini-batches are
typically of size 32, 64, or 128.

Example: For a dataset with 10,000 examples, mini-batchdgradient descent might use
a batch of 64 examples to compute the gradient at each step. The. model parameters are
updated after each mini-batch, providing faster convergence thamyfull batch gradient
descent and more stable updates than SGD.

The following table 2.2.5 summarizes theanain gradient descefit methods, highlight-
ing how gradients are computed, their advantages, and limitations for machine learning
optimization.

Table 2.2.5 Comparison ofGradient Descent Methods in Machine Learning

Method Gradient Computation * Pros Cons
. Stable Slow for large
Batch GD Entire dataset
convergence datasets
: Fast, escapes local Noisy, fluctuating
SGD Single cxample .
minima loss
Mini-batch ) Needs batch size
Small subset Efficient, stable ]
GD tuning

Gradient descent methods form the backbone of training most machine learning
models, particularly deep learning networks, and choosing the right variant depends on
dataset size, computational resources, and model complexity.

2.2.8.3 Advanced Optimization Techniques

While standard gradient descent methods are effective, they may converge slowly
or get trapped in local minima in complex machine learning problems. Advanced
optimization techniques improve convergence speed, stability, and performance.
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A. Momentum and Nesterov Accelerated Gradient

¢ Momentum: Momentum accelerates gradient descent by adding a fraction of
the previous update to the current update. This helps smooth out oscillations
and speeds up convergence, especially in regions with shallow gradients.

Update formula:
ve =PBve 1+ (1—-[)V](6)8 =6 — av,

Example: Optimizing a deep neural network, momentum helps the model move
faster along gentle slopes while avoiding oscillations in steep valleys.

¢ Nesterov Accelerated Gradient (NAG): NAG improves momentum by
looking ahead at the next position before computing the gradient. This often
leads to faster and more accurate convergence.

B. Adaptive Learning Rate Methods (AdaGrad, RMSProp, Adam)

¢ AdaGrad: Adjusts learning rates individudlly for each parameter based
on historical gradients. Parameters with frequently occurring features get
smaller updates, while rare features getlarger. updates.

¢ RMSProp: Modifies AdaGrad by using a moving average of squared
gradients to prevent learning rate decay and maintain stability.

¢ Adam: Combines momentum and RMSProp, maintaining both moving
averages of gradients and squaréd gradients. Adam is widely used in deep
learning due to fast convergence and robustness.

C. Convergence Criteria

Convergence criteriaare the conditions used to decide when an optimization process
should stop during model training. These conditions ensure that the model has reached
a satisfactory solution witheut wasting time on unnecessary computations. Common
convergence criteria include:

¢ Small change in cost function: Training stops when the improvement in the
cost (loss) becomes very minimal.

¢ Small gradient magnitude: When the gradient is close to zero, it indicates
that the model has reached (or is very close to) an optimal point.

¢ Maximum iterations reached: Training stops after a fixed number of
iterations to avoid excessive computation.

Proper convergence criteria help achieve a balance between accuracy and efficiency,
ensuring the model trains effectively without overusing resources.
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2.2.8.4 Challenges in Optimization

Optimization in machine learning faces several challenges that can affect model
performance.

A. Local Minima and Saddle Points

¢ Local minima: Points where the cost function is lower than neighboring
points but not the global minimum.

¢ Saddle points: Points where the gradient is zero but are neither minima nor
maxima.

Impact: Optimization may get trapped in these points, slowing convergence or leading
to suboptimal solutions.

B. Learning Rate Selection

Learning rate selection is very important in training machine learning models. If the
learning rate is set too high, the algorithm may jumpyover the optimal point and never
settle, causing unstable training. If it is too low, the model will move very slowly toward
the solution, making training extremely slowsTorhandle this, advanced optimization
techniques such as Adam and RMSProp aré used, these methods automatically adjust
and adapt the learning rate during training to make learning faster and more stable.

C. Overfitting and Regularization

¢ Overfitting occurs when the model learns training data too well, including
noise, and performs poorly on new data.

¢ Regularizatiehtechniquessuehasl'1, L2, and dropouthelp prevent overfitting
by penalizing largew@ights or randomly dropping neurons during training.

The following table 2.2.6 /summarizes advanced optimization techniques and
common challenges in machine learning, highlighting their purpose, mechanism, and
impact on model training.

Table 2.2.6 Advanced Optimization Techniques and Challenges in Machine

Learning

Technique/Challenge Description ML Relevance

Momentum Smooths ppdates using Faster convergence in deep
past gradients networks

NAG Looks ahead before Reduces oscillation, faster
updating convergence

AdaGrad Adaptive learning rate per Useful for sparse data
parameter

RMSProp Maintains moving average Prevents learning rate

of squared gradients decay
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Combines momentum and ~ Widely used in deep

Adam RMSProp learning

Local Minima/Saddle .. Can slow or mislead
. May trap optimizer ..

Points training

Step size in gradient

Learning Rate updates

Critical for convergence

Regularization improves

Overfitting Model learns noise o
generalization

This unit on Mathematical Foundations of Machine Learning introduces the key
concepts needed to understand and build machine learning models. Linear algebra
helps work with data in vector and matrix form. Probability and statistics allow us to
analyze data and handle uncertainty. Cost functions measure errors in predictions, and
optimization techniques help improve model performance. Together, these foundations
give learners the basic tools to create and train machine learning models effectively.

Recap

¢ Machine learning relies heavily on mathematicsito represent and process
data.

¢ Linear algebra is fundamental for data representation using vectors and
matrices.

¢ Scalars are single numbgfs, vectors.are one=dimensional arrays, and matrices
are two-dimensional afrays.

¢ Matrix operations include addition,nultiplication, and transpose.
¢ Special matfices include identity, diagonal, and symmetric matrices.
¢ Dot product'and cross product measure relationships between vectors.

¢ Norms (L1, L2) quantify vector lengths; distances measure similarity or
difference.

¢ Orthogonality indicates perpendicular vectors; linear independence ensures
vectors carry unique information.

¢ Eigenvalues and eigenvectors help in dimensionality reduction (e.g., PCA).

¢ Matrix decomposition (LU, SVD) simplifies computations and reveals
structure in data.

¢ Probability models uncertainty and random events.
¢ Random variables represent outcomes numerically.

¢ Discrete and continuous distributions describe different types of data.
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Conditional probability and Bayes’ theorem are key for probabilistic
reasoning.

Mean, median, and mode measure central tendency of data.
Variance and standard deviation measure data spread.
Covariance and correlation describe relationships between variables.

Common distributions: Normal, Bernoulli, Binomial, Poisson, Exponential,
Uniform.

Expectation is the average value of a random variable; variance measures its
variability.

Cost functions quantify prediction errors and guide model training.
Examples of cost functions: MSE, Cross-Entropy, Hinge Loss.
Costfunctionproperties: convex vs.non-convex, smoothness, differentiability.

Gradient Descent is a core optimization technique; variants include batch,
stochastic, and mini-batch.

Advanced optimization methods include Momentum, Nesterov, AdaGrad,
RMSProp, Adam.

Optimization challenges in€lude localminima, saddle points, learning rate
selection, and overfitting.

Objective Type'Questions

W,

I.

2 L & e B o

What is a scalafin linear algebra?

Define a vector.

Define a matrix.

Name three basic matrix operations.

What is an identity matrix?

What does the dot product of two vectors represent?
What is the L2 norm of a vector?

Define orthogonal vectors.

What does it mean for vectors to be linearly independent?

10. Define eigenvalues and eigenvectors.
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I1.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

Name two types of matrix decomposition.

What is a random variable?

Differentiate between discrete and continuous probability distributions.
State Bayes’ theorem in words.

Define mean, median, and mode.

What does variance measure?

What does standard deviation represent?

Define covariance.

Define correlation.

Name three common probability distributions used ih,ML.
Define expected value of a random variable.

What is a cost function in machine learning?

Name three common cost functions.

What is the main goal of gradient descent?

Name two challenges in optimization,of machine learning models.

Answers to Objective Type Questions

1.

2 gL & e ' o= R

—
)

I1.

Single numerical value.

A one-dimensionadl array of numbers with magnitude and direction.
Two-dimensional array‘ef numbers arranged in rows and columns.
Addition, multiplication, and transpose.

A square matrix with 1’s on the diagonal and 0’s elsewhere.

Similarity or projection of one vector onto another.

Square root of the sum of squares of vector elements.

Orthogonal vectors are perpendicular to each other; their dot product is zero.

None of them can be expressed as a combination of others.

. Eigenvalues are scalars and eigenvectors are vectors such that multiplying

the matrix by the eigenvector scales it by the eigenvalue.

LU decomposition and Singular Value Decomposition (SVD).
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12. Numerical outcome of a random process.

13. Discrete distributions take specific integer values; continuous distributions
can take any value within a range.

14. Conditional probabilities of two events.

15. Mean is the average, median is the middle value, and mode is the most
frequent value.

16. Spread of data around the mean.

17. Standard deviation is the square root of variance, representing spread in the
same units as data.

18. Covariance measures how two variables vary together.

19. Correlation measures the strength and direction ofsthe linear relationship
between two variables.

20. Normal, Bernoulli, Binomial, Poisson, Expofiential, Uniform.

21. The expected value is the long-term average of a random variable.

22. A cost function quantifies the errogbetween predicted and actual values.
23. Mean Squared Error (MSE), Cross-Entropy Loss, Hinge Loss.

24. To find the set of parameters that minimizethe cost function.

25. Local minima/saddle [points and learning rate selection (also overfitting/
regularization).

Assignments

1. Explain the role of Linear Algebra in Machine Learning. Discuss with
examples how vectors, matrices, and matrix operations are used to represent
data and perform computations in ML algorithms. Illustrate using a real-
world dataset or example.

2. Define probability and its importance in Machine Learning. Explain
different types of probability distributions (e.g., normal, binomial, Poisson)
and describe how they are applied in machine learning model building and
prediction tasks.

3. Discuss statistical measures such as mean, variance, standard deviation,
covariance, and correlation. Explain how each of these measures helps in
understanding and preprocessing data in machine learning, supported with
suitable examples.
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4. What are cost functions? Explain the purpose of cost functions in ML model

evaluation and describe any two commonly used cost functions (such as
Mean Squared Error and Cross-Entropy Loss). Provide mathematical
expressions and suitable examples.

. Describe Gradient Descent as an optimization technique. Explain how it

works to minimize cost functions. Differentiate between Batch Gradient
Descent, Stochastic Gradient Descent, and Mini-Batch Gradient Descent
with appropriate diagrams or examples.
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Unit 3
Types of Machine Learning

Learning Outcomes

After completion of this unit, the learner will be able to:

¢ describe the basic concepts of supervised, unsupervised, and reinforcement
learning

¢ explain the working principles of supervised, unsaipervised, and reinfor-
cement learning models

¢ list common algorithms used in supervised l€arning

¢ familiarize real-world applications .efgsupervised, umsupervised, and
reinforcement learning

Prerequisites

In your daily life, you naturally learndrom experience. You learn to recognize faces
by seeing people repeatedly, imprové your skills through practice, and make better
decisions after understanding your mistakes. For example, when you learn to identify
fruits, you observe their color, shapépand size. When you prepare for exams, you study
previous questions'and improveyour performance over time. Similarly, when you play
a game, you learn which actions/lead to success and which lead to failure.

You are also familiar with«€omputers, smartphones, and applications that store large
amounts of data and provide useful results. Search engines suggest results, online
platforms recommend movies or products, and navigation apps suggest the best route
based on past data. These systems do not work only on fixed rules; instead, they learn
from data and experience.

This natural connection between human learning and computer-based decision-
making forms the basis of Machine Learning. In this unit, you will understand how
machines are trained to learn from data, discover patterns, group similar information,
and improve decisions over time. By building on what you already know about
learning, data, and basic computer usage, this syllabus introduces supervised learning,
unsupervised learning, and reinforcement learning as key methods that enable machines
to become intelligent and adaptive.




Keywords

Machine Learning, Supervised Learning, Unsupervised Learning, Reinforcement
Learning, Pattern Recognition

Discussion

2.3.1 Types of Machine Learning

Machine Learning (ML) is an important branch of Artificial Intelligence that focuses
on enabling computers to learn from experience, just like humans do. Instead of
being programmed with fixed rules, machines are trained using data so that they can
identify patterns, make decisions, and improve their performance over time. As more
data is provided, the system becomes smarter and more accurate in solving problems.
Depending on how the learning process takes place and the kind of data used, machine
learning is broadly classified into three main types as shown in fig. 2.3.1. Supervised
Learning involves learning with guidance, where the system'is,trained using data that
already has correct answers. Unsupervised Learning allows the, system to explore
data on its own and discover hidden patterns withoutiany prior labels. Reinforcement
Learning, on the other hand, is based on learning through experience, where the system
improves its actions by receiving rewards oxpenalties,as illustrated in Fig. 2.3.1.
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Fig. 2.3.1 Types of Machine learning

2.3.2 Supervised Machine Learning

Imagine a small child learning to identify fruits. A teacher shows the child an apple
and says, “This is an apple.” Then the teacher shows a banana and says, “This is a
banana.” Each time, the child sees the fruit along with its correct name. At first, the
child may make mistakes, but whenever a mistake happens, the teacher corrects it.
Slowly, by seeing many examples, the child learns to identify fruits correctly, even new
ones that look slightly different.

Supervised learning works in the same way. The computer is like a child, and the
labelled data is like the teacher’s guidance. The computer is given many examples
where the correct answer is already known. It tries to guess the answer, checks whether
it is right or wrong, and then learns from its mistakes. This practice continues again and
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again until the computer becomes confident. Once trained, the computer can correctly
recognize or predict outcomes for new data it has never seen before.

2.3.2.1 Working of Supervised Learning
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Fig. 2.3.2 Working of Supervised learning

The given figure 2.3.2 explains how supefviseédymachine learning works using a
simple and familiar example of fruits. This'step-by-step,process shows how a machine
learns with guidance and then makes correct predictions.

1. Input Raw Data

In supervised learning, the'process bégins with input raw data collected from real-
world sources. This data consists of various observations or examples that the system
must learn from. In thesgiven illustrationg the raw data is represented using different
fruits such as apples; bananas, and grapes. At this stage, the data by itself does not have
meaning for the machine unless it is properly organized and explained through labels.

2. Labeled Data

The raw data is then converted into labeled data, which is a key requirement of
supervised learning. Each data item is associated with a correct label that describes
what it represents. In the example shown, images of fruits are labeled as Apple, Banana,
or Grapes. These labels act as correct answers and guide the learning process. Labeled
data helps the system understand the relationship between the input features (such as
shape, color, or size) and the correct output.

3. Learning Using an Algorithm

Once labeled data is provided, it is passed to a machine learning algorithm. The
algorithm examines the input data along with its labels and learns patterns that
distinguish one category from another. For instance, it may learn that apples are round
and red, bananas are long and yellow, and grapes appear in clusters. During this learning
phase, the algorithm continuously compares its predicted outputs with the actual labels
and makes adjustments to reduce errors.
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Common Algorithms Used in Supervised Learning

Several algorithms are commonly used in supervised learning, each designed to
solve specific types of prediction and classification problems.

¢ Linear Regression : Linear Regression is one of the simplest supervised
learning algorithms and is mainly used to predict continuous numerical
values such as examination marks, house prices, salaries, or temperature.

¢ Logistic Regression : Logistic Regression, despite its name, is used for
classification problems where the output is categorical, such as yes/no, true/
false, or pass/fail decisions.

¢ Decision Tree : Decision Tree algorithms work by splitting data into branches
based on certain conditions. This structure makes them easy to understand,
interpret, and visualize.

¢ Random Forest : Random Forest is an ensemble learning technique that
improves the performance of decision trees by combining,multiple trees to
produce more accurate and stable results.

¢ Support Vector Machine (SVM) :Support Vector Machine is used to
classify data by finding the best pgssible boundary that separates different
classes in the dataset.

¢ K-Nearest Neighbors (KNN),: K-Nearest Neighbors classifies data based
on its similarity to nearby data points, making decisions based on the majority
class among its nearest neighbors.

¢ Naive Bayes :.Naive Bayes is alprobability-based algorithm that is
commonly used in text elassification tasks such as spam detection and
sentiment analysis.

¢ Artificial Neural Networks (ANN) : Artificial Neural Networks are inspired
by the structure ofth€ human brain and are used to solve complex problems
such as image recognition, speech recognition, and pattern detection.

4. Processing and Model Training

After repeated learning and correction, the system develops a trained model. This
model represents the knowledge gained from the labeled examples. The processing
stage refines the model by improving its accuracy and ability to generalize. As shown
in the image, the system processes new fruit images using the learned patterns and
prepares itself to make correct decisions without direct guidance.

5. Output and Prediction

In the final stage, the trained model is used to generate output predictions. When new
and unseen data is given, the model identifies the correct category based on its prior
learning. In the illustration, the system correctly identifies and classifies fruits as Apple,
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Grapes, or Banana. This demonstrates the main objective of supervised learning: to
make accurate predictions for new data by learning from labeled examples.

2.3.2.2 Applications of Supervised Learning

Supervised learning is widely used in real-world situations where past data along
with correct outcomes is available. Some important applications of supervised learning
are described below.

1. Email Spam Detection : Supervised learning algorithms are used to classify
emails as spam or not spam by learning from previously labeled email data.
The system improves its accuracy as more examples are provided.

2. Medical Diagnosis and Disease Prediction : In healthcare, supervised
learning helps in predicting diseases based on patient symptoms, medical
history, and test results. For example, models can assist in identifying
diabetes, heart disease, or cancer at an early stage.

3. Image and Face Recognition : Supervised learning 1§, extensively used
in image processing tasks such as face recdgnition, objeet, detection, and
handwriting recognition. The system learns from labeled images and can
identify new images accurately.

4. Weather Forecasting : Supervised learning ‘models are used to predict
weather conditions such as temperature, rainfall, and humidity using
historical weather data.

5. Recommendation Systems : Online platforms use supervised learning to
recommend products,{moviesor courses based on users’ past preferences
and behavior.

6. Fraud Detéction : Supervised learning helps in identifying fraudulent
transactions |, by d@arning, patterns from past fraud cases and normal
transactions.

2.3.3 Unsuperviséd®Machine Learning

Unsupervised learning is a type of machine learning in which the model is trained
using unlabelled data, meaning the input data does not have predefined or known
outputs. Unlike supervised learning, the system is not told what the correct answer
is. Instead, it learns by exploring the data on its own to identify patterns, similarities,
relationships, or hidden structures within the dataset.

2.3.3.1 Working of Unsupervised Learning

The working of unsupervised learning is illustrated in Fig. 2.3.3.
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Fig. 2.3.3 Working of Unsupervised learning

1. Input (Unlabeled Data)

In unsupervised learning, the input data provided to the systemis unlabeled, meaning
that the data does not contain predefined categories,iclass names; or correct answers.
The machine receives only raw data and is not informed about what each data item
represents. In the given example, the input eonsists,of data related to different fruits
such as apples, bananas, and grapes. Howgver, the system 1s not told which fruit is an
apple, banana, or grape. The data may include characteristics such as color, shape, size,
and texture of the fruits. This type of input allows the system to explore the data freely
and identify patterns on its own.

2. Interpretation Stage

During the interpretation stage, the system begins to examine the input data to
understand its structuire. At this stagéythe machine analyzes the features of each data
item and compare$ them_ with others to find similarities and differences. For the fruit
example, the system may observe that some fruits are round and red, some are long
and yellow, while others are_small and clustered. This stage is important because it
helps the system form an‘internal representation of the data without human supervision.
Both technical and non-technical learners can understand this stage as the machine
“observing” and “learning” from the data by itself.

3. Algorithm

After interpreting the data, an unsupervised learning algorithm is applied to identify
patterns or structures within the data. Common algorithms used at this stage include
clustering algorithms such as K-means or hierarchical clustering. These algorithms do
not rely on labeled outputs but instead work by measuring similarity between data
points. In the fruit example, the algorithm calculates how closely related different fruits
are based on their features. Fruits with similar characteristics are considered more
related, while those with different features are considered less related.
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4. Processing

In the processing stage, the algorithm actively groups the data based on the patterns
it has identified. The machine processes the feature values and organizes the data into
clusters such that items within the same cluster are more similar to each other than to
those in other clusters. For example, fruits that are similar in color, shape, and size are
placed together. This step involves continuous comparison and adjustment until the
most suitable grouping is achieved.

5. Output

The final output of unsupervised learning is a set of groups or clusters formed from
the input data. These groups represent meaningful patterns discovered by the system
without any external guidance. In the given example, the system produces separate
groups where all apples are grouped together, all bananas are grouped together, and all
grapes are grouped together.

2.3.3.2 Applications of Unsupervised Learning

1. Customer Segmentation : Unsupervised learning is widely used to group
customers based on their behavior, preferences; or purchasing patterns. This
helps businesses design targeted marketing Strategies, fordifferent customer
groups.

2. Clustering of Data : It is used to automatically group similar data items
together. For example, images, documentss or products with similar
characteristics can be clistered without prior labeling.

3. Image and Pattern Recognition : Unsupervised learning helps in identifying
patterns in images, by grouping sifnmilar images or features together. It is
commonly used in face grouping and image organization.

4. Market Basket Amalysis : In retail, unsupervised learning is used to analyze
purchasing patterns and identify products that are frequently bought together.
This helps in improving product placement and sales strategies.

2.3.4 Reinforcement Learning

Reinforcement learning is a type of machine learning in which an agent learns by
interacting with an environment. Unlike supervised learning, where correct answers
are provided, and unsupervised learning, where patterns are discovered automatically,
reinforcement learning works on the principle of trial and error. The agent takes actions
in the environment and receives feedback in the form of rewards or penalties. The main
objective of reinforcement learning is to learn a strategy, called a policy, that maximizes
the total reward over time.
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Terminologies in Reinforcement Learning

1. Agent

The agent is the learner or decision-maker in reinforcement learning. It takes actions
based on the current situation of the environment. For example, a robot, a game-playing
program, or a self-driving car can act as an agent.

2. Environment

The environment is everything that the agent interacts with. It responds to the agent’s
actions by changing its state and providing feedback. For example, a game board, a
road system, or a simulation space can be considered the environment.

3. State

A state represents the current situation or condition of the environment at a particular
time. It provides the necessary information for the agent to'decide its next action. For
example, the position of a robot or the current level in a game'1$ia state.

4. Action

An action is a decision or move taken by the/@gént,in a'given state. Actions influence
the environment and determine what happéns next. Fonexample, moving left or right,
accelerating a vehicle, or selecting a game move are actions.

5. Reward

A reward is a numerical fegedback signahgiven by the environment after the agent
performs an action. Positive rewards encourage desirable actions, while negative
rewards (penalties) diseeurage incorrect actions. Rewards guide the learning process
of the agent.

6. Policy

A policy is a strategy that«defines how the agent selects actions in different states. It
acts as a mapping between states and actions. The goal of reinforcement learning is to
find an optimal policy that yields the maximum total reward.

2.3.4.1 Working of Reinforcement Learning

input:Raw Data SRR Environment el

BN rsent B
Fig. 2.3.4 Reinforcement Learning
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The working of reinforcement learning, as shown in the given figure 2.3.4, begins
with the input data, which represents the current state or situation of the environment.
This input data is provided to the agent, which acts as the learner or decision-maker in
the system. The agent analyzes the input state and selects an appropriate action based
on its current knowledge or learning strategy.

Once the action is taken, it is executed within the environment. The environment
represents the external system with which the agent interacts. After the action is
performed, the environment responds by changing its state and generating a feedback
signal. This feedback is usually in the form of a reward or penalty, indicating whether
the action taken by the agent was good or bad.

The environment then sends this feedback back to the agent. Using this information,
the agent evaluates its action and updates its learning process to improve future
decisions. This cycle of input, action, environment response, and feedback continues
repeatedly. Over time, the agent learns to choose actions that result in higher rewards.

Finally, the output of reinforcement learning is an improved or optimal behavior
of the agent. As learning progresses, the agent produces betteridecisions, achieving
the desired goal efficiently. This working mechani$m, enables reinforcement learning
systems to learn through experience without explicit programming.

A simple computer-based example of g#einforcement learning is a game-playing
program. The program acts as an agent and the game serves as the environment.
The agent makes different moves during'the game and receives rewards in the form
of scores or points. Good moves inerease the scoregwhile bad moves reduce it. By
playing the game repeatedly and learningdrom the rewards and penalties, the program
gradually learns the best strategies to win the game. This example clearly shows how
reinforcement learning helps computers leah optimal behavior without being explicitly
programmed.

Recap

¢ Machine Learning em@bles computers to learn from data and improve
performance over time.

¢ Machine Learning is broadly classified into supervised, unsupervised, and
reinforcement learning.

¢ Supervised learning uses labeled data where the correct output is known in
advance.

¢ The working of supervised learning involves input data, labeling, algorithm
training, and prediction.

¢ Common supervised learning algorithms include Linear Regression,
Decision Trees, SVM, KNN, and Neural Networks.

¢ Supervised learning is widely used in areas such as spam detection, medical
diagnosis, and image recognition.
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Unsupervised learning works with unlabeled data to discover hidden patterns
and group similar data.

Clustering is a key technique used in unsupervised learning.

The working of unsupervised learning includes input data, pattern
interpretation, algorithm application, and grouped output.

Unsupervised learning is applied in customer segmentation, market basket
analysis, and pattern recognition.

Reinforcement learning is based on learning through trial and error using
rewards and penalties.

The main components of reinforcement learning are agent, environment,
state, action, reward, and policy.

The working of reinforcement learning follows a‘eontinuous interaction
cycle between the agent and the environment.

Game-playing programs are a common“€emputer-based example of
reinforcement learning.

Objective Type Questions

—_—

2 g &N e B o>

What type of learning uses labeled data?

Which learning method works@with unlabeled data?

Which learningfapproachis basedn rewards and penalties?

What is the learner0ft déeision-maker in reinforcement learning called?
What is the external system that interacts with the agent called?

Which supervisedlearning algorithm works using tree-like decisions?
What type of data is used in unsupervised learning?

Which learning method improves through trial and error?

What is the main output of supervised learning called?

10. What does unsupervised learning discover in data?
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Answers to Objective Type Questions

1. Supervised

2. Unsupervised

3. Reinforcement

4. Agent

5. Environment

6. DecisionTree

7. Unlabeled

8. Reinforcement

9. Prediction

10. Patterns

Assignments

1. Explain the difference between supervised and unsupervised learning in
simple words.

2. Draw a simple diagram showing the working of supervised learning and
label the stages.

3. Describe a real*world scenario wheére reinforcement learning can be applied.

4. Explain why unlabeled'data is important in supervised learning.

5. Explain applications of supervised, unsupervised, and reinforcement
learning.
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Unit 4

Model Building and Evaluation in
Machine Learning

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ explain the basic steps involved in building and evaluating a machine
learning model.

¢ describe the meaning of performance metrics such#as accuracy, precision,
recall, and error measures.

¢ apply suitable performance metrics to evaludte classification and regression
models.

¢ distinguish between overfitting andfunderfitting using'training and testing
results.

¢ analyze model performance to identify whether a machine learning model
generalizes well or not.

Prerequisites

Consider a real-life example of‘using a mobile phone’s spam filter. When a new
email arrives, the system.décides whether the message is spam or not based on previous
examples. Sometimes the filter/works perfectly, but at other times it misclassifies an
important email as spam or allows unwanted messages into the inbox. To understand
why this happens and how'such systems can be improved, learners need basic knowledge
of mathematics and programming. A foundational understanding of topics such as
elementary statistics (mean, median, probability), basic linear algebra, and familiarity
with any programming language (preferably Python) helps learners grasp how data is
represented, how models learn from data, and how predictions are made.

The relevance of studying this topic lies in its wide application across many real-
world domains such as healthcare, finance, education, cybersecurity, and business
analytics. Understanding model building, evaluation, and concepts like overfitting and
underfitting enables learners to design models that are accurate, reliable, and usable
in practice. By studying this topic, learners gain the advantage of being able to select
appropriate models, evaluate them using proper performance metrics, and improve
model quality through informed decisions. This knowledge not only strengthens
analytical and problem-solving skills but also improves efficiency in data science,
machine learning, research, and intelligent system development.




Keywords

Machine Learning, Model Evaluation, Performance Metrics, Overfitting, Underfitting,
Generalization, Bias—Variance Tradeoff, Training Data, Testing Data, Cross-Validation

Discussion
2.4.1 Introduction

Machine Learning (ML) is a branch of Artificial Intelligence (Al) that allows systems
to learn patterns from data and make predictions or decisions without being explicitly
programmed. A key part of machine learning is building and evaluating models, which
ensures that the system not only learns from historical data but also generalizes well
to new, unseen data. In this unit, we will explore the steps involved in building a
machine learning model, the performance metrics used to evaluate it, and concepts like
overfitting and underfitting which affect model performance:

2.4.2 Steps in Building a Machine Learning Model

Building a machine learning (ML) model is a systeématic and iterative process that
transforms raw data into a predictive or deeiSion-makingisystem. It is not a single-
step activity but a structured pipeline where each step directly affects the final model’s
accuracy, reliability, and usability. A well-designed ML model follows clear stages
starting from problem understanding to deployment and monitoring.

2.4.2.1 Problem Identification and,Definition

The first and most important step in building a machine learning model is clearly
defining the problem tesbe solved. This step determines whether machine learning is
required at all and, if'so, what type @fléarning approach is suitable.

At this stage, decide:

¢ What is the objective®f the model?
¢ What kind of output is expected?

¢ s the task prediction, classification, clustering, or recommendation?

For example, predicting house prices is a regression problem, while identifying
spam emails is a classification problem. Similarly, grouping customers based on buying
behavior is a clustering problem. Poorly defined problems lead to incorrect model
selection and meaningless results.

A proper problem definition also includes:

¢ Business or real-world context
¢ Constraints such as time, cost, and resources

¢ Success metrics (accuracy, precision, error rate, etc.)
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2.4.2.2 Data Collection

Once the problem is defined, the next step is collecting relevant data, because
machine learning models learn entirely from data. The quality, quantity, and relevance
of data play a crucial role in model performance.

Data can be collected from:

¢ Databases and data warehouses
¢ Sensors and [oT devices

¢ Web scraping and APIs

¢ Surveys and questionnaires

¢ Public datasets (Kaggle, UCI repository, etc.)

Forexample, to build a student performance prediction modely data such as attendance,
exam scores, assignments, and demographic details may be required. If data collected is
biased, incomplete, or noisy, the model will also produce biased or inaccurate results.

2.4.2.3 Data understanding and exploration

After collecting data, it is essential to understand the structure and nature of the
dataset. This step is called Exploratory Data Analysis (EDA).

In this phase, analyze:

¢ Number of records and attributes

¢ Data types (numerical, categorical, text, images)
¢ Missing values

¢ Outliers and inconsistencies

¢ Statistical properties like mean, median, variance

Visualization techniques such as histograms, box plots, scatter plots, and correlation
matrices are commonly used. For instance, by exploring data, we may discover that
student marks are highly correlated with attendance, which becomes a useful insight.

EDA helps in identifying problems in data early and guides the next step: data
preprocessing.

2.4.2.4 Data preprocessing and cleaning

Real-world data is rarely clean. Therefore, data preprocessing is one of the most
time-consuming yet critical steps in machine learning.
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This step includes:

¢ Handling missing values (removal or imputation)
¢ Removing duplicate records

¢ Correcting inconsistent data

¢ Handling outliers

¢ Data type conversion

For example, if a dataset has missing age values, they can be replaced with the mean
or median age. If categorical data like “Male/Female” exists, it must be converted into
numerical form using encoding techniques. Without proper preprocessing, even the
best algorithms will fail to perform correctly.

2.4.2.5 Feature Selection and Feature Engineering

Features are the input variables used to train a model. Selectingthe right features and
creating new meaningful features significantly impréve model performance.

Feature Selection

This involves choosing the most relevant attributes and removing unnecessary or
redundant ones. Irrelevant features increase computation time and may cause overfitting.

Feature Engineering
This process creates new features from existing data.

For example:

¢ Creating a [‘total scote” from subject-wise marks
¢ Extracting day, month, or year from a date
¢ Generating frequency-based features from text data

Feature engineering reflects domain knowledge and often distinguishes good models
from average ones.

2.4.2.6 Splitting the Dataset

Before training the model, the dataset is divided into:

¢ Training set : used to train the model
¢ Testing set : used to evaluate performance

Common split ratios include 70:30 or 80:20. Sometimes, a validation set is also used
for tuning hyperparameters.
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Splitting ensures that the model is tested on unseen data, which measures its ability
to generalize rather than memorize.

2.4.2.7 Model Selection

In this step, an appropriate machine learning algorithm is chosen based on:

¢ Nature of the problem
¢ Type of data
¢ Size of dataset

¢ Interpretability requirements

Examples include:

¢ Linear Regression for numerical prediction

¢ Logistic Regression for binary classification

¢ Decision Trees and Random Forests for structured data
¢ Support Vector Machines for high-dimensional,data

¢ Neural Networks for complex patterns

There is no single best algorithmgthe choice depends on the problem and experimental
results.

2.4.2.8 Model Training

Model training isdhe process wheresthe algorithm learns patterns from training data
by optimizing its parameters:

During training:
¢ Input data is fed into the algorithm
¢ Predictions are compared with actual outputs
¢ Errors are calculated using a loss function
¢ Parameters are updated to minimize error

For example, in linear regression, the model learns optimal weights so that predicted
values closely match actual values. Training continues until the model reaches acceptable
performance or convergence.

2.4.2.9 Model Evaluation

After training, the model must be evaluated to determine how well it performs on
new data.
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Common evaluation metrics include:

¢ Accuracy

¢ Precision, Recall, F1-score

¢ Mean Squared Error (MSE)

¢ Root Mean Squared Error (RMSE)
¢ Confusion Matrix

This step helps detect:

¢ Opverfitting : model performs well on training data but poorly on test data

¢ Underfitting : model performs poorly on both training and test data

Evaluation ensures the model is reliable and suitable for real-world use.

2.4.2.10 Hyperparameter Tuning

Hyperparameters are settings defined beforetfaining, such asearning rate, number
of trees, depth of trees, or number of neighbors.

Tuning techniques include:

¢ Grid Search
¢ Random Search
¢ Cross-Validation

Proper tuning improves@ccuracy and prevents overfitting. For example, choosing an
optimal learning rate'ensures faster and stable training.

2.4.2.11 Model Depléyment
Once a model performs satisfactorily, it is deployed into a real-world environment.

Deployment may involve:

¢ Integrating the model into a web or mobile application
¢ Creating APIs for prediction services

¢ Embedding the model into business systems

For example, a trained recommendation system can be deployed on an e-commerce
website to suggest products to users.
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2.4.2.12 Monitoring and Maintenance

Machine learning models are not static. Over time, data patterns may change, leading
to model degradation.

Monitoring includes:

¢ Tracking prediction accuracy
¢ Detecting data drift
¢ Periodic retraining with new data

Continuous monitoring ensures that the model remains relevant, accurate, and
effective.

2.4.3 Performance Metrics in Machine Learning

Machine Learning (ML) is a data-driven approach where systems learn patterns
from data and make predictions or decisions without being explicitly programmed.
While developing machine learning models is important, evaluating their performance
is equally critical. Performance metrics provide objectivé,and quantitative methods to
assess how well a model performs on unséen data.yThese metrics help researchers,
students, and practitioners understand whether the meodel is reliable, efficient, and
suitable for real-world deployment. The ptimary objective of a machine learning model
is to generalize well on new, unseen data."Performanee metrics help in verifying this
objective. They serve as a bridge between theoretical learning algorithms and real-
world applications.

Performance evaluation is required to:

¢ Measure prediction cerrectness

¢ Compare multiple models objectively
¢ Tune hyperparametérs efficiently

¢ Identify overfitting and underfitting

¢ Ensure fairness and reliability

For example, in financial fraud detection, a model that misses fraud cases can cause
significant losses, whereas in product recommendation systems, minor prediction errors
may be acceptable. Hence, the choice of metric depends on the application domain.

2.4.3.1 Classification Performance Metrics

Classification problems involve predicting discrete class labels. Common examples
include email spam detection, medical diagnosis, and sentiment analysis. The evaluation
of classification models is primarily based on the confusion matrix.
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1. Confusion Matrix

A confusion matrix summarizes the prediction results of a classification model by
comparing actual and predicted classes.

Actual / Predicted Positive Negative
Positive TP FN
Negative FP N

Where:

¢ True Positive (TP): Correctly predicted positive cases

¢ True Negative (TN): Correctly predicted negative cases
¢ False Positive (FP): Negative cases predicted as positive
¢ False Negative (FN): Positive cases predicted as negative

The confusion matrix is the foundation for almost all classification metrics.

2. Accuracy

Accuracy is a fundamental classification evaluation method used to measure the
overall correctness of a machine learning model. It is important because it gives a quick
and intuitive understanding of how many predictions the model gets right out of the
total predictions made. Accuracy is mainly used when the dataset is balanced and when
false positive and false negativeferrors carry similar importance. In practice, accuracy
is often used for baseline comparison between models and in educational examples.
However, it should be used cautiously for imbalanced datasets, as a high accuracy value
may still hide poor performanceion minority classes. Accuracy is formally defined as
the ratio of correctly predicted instances to the total number of instances.

Formula and Calculation
Accuracy = (TP + TN/(TP + TN + FP + FN)
Worked Example: TP =40, TN =50, FP=5, FN =5
Accuracy = (40 + 50) / 100 = 0.90 or 90%

Interpretation

An accuracy of 90% indicates that the model correctly classifies 90 out of every 100
instances. A higher accuracy value means better overall model performance, provided
the dataset is balanced.

3. Precision

Precision is a classification performance evaluation method that measures the
reliability of positive predictions made by a machine learning model. It is important
because it focuses on minimizing false positive errors, making it especially useful in
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situations where incorrect positive predictions can be costly or harmful. Precision is
widely used in spam detection, fraud detection, medical testing, and recommendation
systems. It is defined as the ratio of correctly predicted positive instances to the total
number of instances predicted as positive, indicating how trustworthy the model’s
positive predictions are.

Formula and Calculation
Precision = TP / (TP + FP)
Worked Example: TP =40, FP=35
Precision =40 / 45 = 0.8889 (88.89%)
Interpretation

A precision value of 88.89% indicates that nearly 89 out of 100 positive predictions
made by the model are correct.

4. Recall (Sensitivity)

Recall, also known as sensitivity, is a classification evaluation method that measures
the ability of a model to identify all actual positiVesinstances corfectly. It is important
because it emphasizes minimizing false negative errors,which'is critical in applications
where missing a positive case can have|serious consequences. Recall is commonly
used in medical diagnosis, disease screening, fault detection, and security systems. It is
defined as the ratio of correctly predi€ted positive instances to the total actual positive
instances, reflecting how completely the model captures positive cases.

Formula and Calculation
Recall = TP/ (TR#+ FN)
Worked Example: TP=40, FN = 5
Recall =40 /45 = 0.8889 (88.89%)
Interpretation

A recall of 88.89% indicates that the model successfully identifies nearly 89 out of
100 actual positive cases.

5. F1-Score

The F1-score is a combined classification performance metric that provides a balance
between precision and recall. It is important because it gives a single evaluation value
when both false positives and false negatives are significant, especially in imbalanced
datasets. The Fl-score is widely used in text classification, information retrieval,
sentiment analysis, and medical data analysis. It is defined as the harmonic mean of
precision and recall, ensuring that a high value is achieved only when both metrics are
strong.
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Formula and Calculation
F1 =2 x (Precision x Recall) / (Precision + Recall)
Worked Example: Precision = 0.8889, Recall = 0.8889
F1=0.8889
Interpretation

An Fl-score of 0.8889 indicates a well-balanced model with equally strong preci-
sion and recall.

6. Specificity

Specificity is a classification performance evaluation method that measures how
effectively a model identifies negative instances correctly. It is important in applications
where false positive predictions must be avoided, such as medical screening tests,
drug testing, and security systems. Specificity complements recall by focusing on the
negative class. It is defined as the ratio of correctly predicted negative instances to the
total actual negative instances, indicating the model’§ ability to cortectly reject negative
cases.

Formula and Calculation
Specificity = TN / (TN + FP)
Worked Example: TN = 50, FP =5
Specificity = 50 / 55 = 0.909
Interpretation
A specificity of0.909 indicates that the model correctly identifies about 91% of
negative cases.
2.4.3.2 Regression Performance Metrics

Regression problems involve predicting continuous numerical values such as price,
temperature, marks, or sales. Unlike classification, regression evaluation focuses on
measuring the difference between actual and predicted values. The choice of regression
metric depends on how much error is tolerable and whether large errors should be
penalized more heavily.

1. Mean Absolute Error (MAE)

Mean Absolute Error (MAE) is a regression performance evaluation method that
measures the average magnitude of errors between predicted values and actual values,
without considering their direction. MAE is important because it provides a clear,
simple, and easily interpretable measure of prediction error expressed in the same units
as the target variable. It is widely used in applications such as sales forecasting, weather
prediction, and resource estimation where all errors are considered equally important.
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MAE is especially useful when the dataset contains outliers, as it does not excessively
penalize large errors. Formally, MAE is defined as the average of the absolute differences
between actual and predicted values.

Formula and Calculation
MAE = (1/n) Z |yi — ¥

Worked Example:
Actual values (y): 10, 15, 20
Predicted values (¥): 12, 14, 19
Absolute errors: [10—12=2, [15—-14|=1, |20—19|=1
MAE=Q2+1+1)/3=1.33
Interpretation

An MAE value of 1.33 means that, on average, the,model’s predictions differ from
the actual values by 1.33 units.

2. Mean Squared Error (MSE)

Mean Squared Error (MSE) is a regression evaluation metric that calculates the
average of the squared differeneesybetween predi€ted values and actual values.
MSE is important because it penalizes large errors more heavily, making it suitable
for applications where large prediction mistakes are costly or unacceptable, such as
financial forecasting and engineering systems. MSE is commonly used during model
training and optimization becauseiit is differentiable and mathematically convenient. It
is defined as the avérage of the squared prediction errors.

Formula and Calculation

MSE = (1/1n) X (yi — $:)?

Worked Example:
Squared errors: (10—12)*=4, (15—-14)*=1, (20—19)*=1
MSE=(4+1+1)/3=2

Interpretation

An MSE value of 2 indicates that larger prediction errors have a stronger influence
on the overall error value.

3. Root Mean Squared Error (RMSE)

Root Mean Squared Error (RMSE) is a regression performance metric derived from
Mean Squared Error and represents the square root of the average squared prediction
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errors. RMSE is important because it expresses model error in the same units as the
target variable, making it more interpretable than MSE. It is widely used in time-series
forecasting, economics, and predictive modeling. RMSE is defined as the square root of
the mean squared error and gives more weight to large errors than MAE.

Formula and Calculation
RMSE = VMSE
Worked Example:
RMSE =2 = 1.414
Interpretation

An RMSE value of 1.414 indicates that the model’s typical prediction error is
approximately 1.41 units.

4. RZ*Score (Coefficient of Determination)

The R? score, also known as the coefficient Of determination, is a regression
performance evaluation method that measures how well amodel explains the variability
of the target variable. It is important because itprovides anermalized score that allows
easy comparison between different regression models.'R2 is commonly used in statistical
modeling, data analysis, and research studies. It is defined as the proportion of variance
in the dependent variable that is predictable.from the independent variables.

Formula and Calculation
R2="1 - (SSres / Sstot)
Interpretation

An R? value close to Ldandicates excellent model performance, while values close to
0 or negative indicate'poor explanatory power.

2.4.3.3 Clustering Pérformance Metrics

Clustering is an unsupervised learning technique where data points are grouped
based on similarity without labeled outputs. Since true labels are unavailable, clustering
performance metrics focus on intra-cluster compactness and inter-cluster separation.

1. Silhouette Score

Silhouette Score is a clustering evaluation metric that measures how well each data
point fits within its assigned cluster compared to other clusters. It is important because
it simultaneously evaluates cluster cohesion and cluster separation without requiring
ground-truth labels. Silhouette Score is widely used to determine the optimal number
of clusters in algorithms such as K-Means and Hierarchical Clustering. It is defined as
a normalized measure based on the difference between a point’s average intra-cluster
distance and nearest-cluster distance.
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Formula and Calculation
Silhouette Score = (b — a) / max(a, b)

Where:

¢ a=average distance to points in the same cluster
¢ b =average distance to points in the nearest neighboring cluster
Interpretation

Silhouette values close to +1 indicate well-defined clusters, values around 0 indicate
overlapping clusters, and negative values indicate poor clustering.

2. Davies—Bouldin Index

The Davies—Bouldin Index is a clustering evaluation metric that measures the
average similarity between each cluster and its most similar heighboring cluster. It is
important because it evaluates both cluster compactness and separation using a single
numerical value. The metric is commonly used to €ompare clustering algorithms and
select optimal clustering parameters. It is defined as the average ratio of within-cluster
distances to between-cluster distances.

Formula and Calculation
DB Index =(l#/n) Xmax((c; +©7) / d(ci, cj))
Interpretation

Lower Davies—Bouldin Index values indicate better clustering quality with compact
and well-separated clusters.

2.4.4 Overfittingand underfitting concepts

One of the most important objectives of machine learning is to develop models
that can generalize well. Generalization refers to a model’s ability to produce accurate
predictions not only for the data on which it was trained but also for new, unseen data.
In practical applications, a model is rarely judged by how well it performs on historical
data alone; instead, its true value lies in its performance on future data.

During the learning process, two fundamental problems frequently arise that hinder
proper generalization—underfitting and overfitting. These problems occur due to
inappropriate model complexity, poor feature representation, limited or noisy data, and
improper training strategies. Underfitting occurs when the model is unable to learn
sufficient information from the data, whereas overfitting occurs when the model learns
too much, including noise and unwanted details.

Understanding these concepts is essential because they directly influence model
accuracy, reliability, and real-world usability. A balanced model that avoids both
extremes is the ultimate goal of machine learning.
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2.4.4.1 Underfitting

Underfitting refers to a situation where a machine learning model is too simple to
capture the real structure or patterns present in the dataset. Such a model does not learn
adequately from the training data and therefore performs poorly on both training and
testing datasets.

In underfitting, the learning algorithm makes strong assumptions about the data and
ignores important relationships between input features and output labels. As a result,
the model is unable to represent the complexity of real-world problems.

Characteristics of Underfitting

¢ Low performance on the training dataset

¢ Low performance on the testing dataset

¢ High bias and low variance

¢ Failure to recognize important trends in data

¢ Increasing training data does not significantly improve performance

Causes of Underfitting

¢ Use of Simple Models : Selecting overly simple models, such as linear
regression for highly non<linear problemsyeften leads to underfitting because
the model lacks expregsive powet

¢ Inadequate Feature Set :,When releyant features are missing or insufficient,
the model canfiot learn meaningful patterns from data.

¢ Poor Feature Engineering : Failure to transform raw data into meaningful
features can reduce the learning capacity of the model.

¢ Excessive Regularization : Applying strong regularization restricts the
learning process, causing the model to ignore important patterns.

Effects of Underfitting
¢ Inaccurate predictions

¢ Poor decision-making outcomes

¢ Low practical usefulness of the model

Methods to Reduce Underfitting

¢ Selecting a more complex or flexible model

¢ Adding new and informative features
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¢ Improving feature engineering techniques
¢ Reducing the degree of regularization

¢ Increasing training time or iterations

2.4.4.2 Overfitting

Overfitting occurs when a machine learning model learns the training data extremely
well, including noise, outliers, and minor fluctuations. While such a model achieves
very high accuracy on training data, it performs poorly on unseen or test data.

In overfitting, the model effectively memorizes training examples instead of learning
the general underlying patterns that apply to all data.

Characteristics of Overfitting

¢ Very high training accuracy
¢ Significantly lower testing accuracy
¢ Low bias and high variance

¢ High sensitivity to small changes indata
Causes of Overfitting

¢ High Model Complexity: Complex modelswith many parameters, such as
deep neural networks or unpruned decision trees, are more likely to overfit.

¢ Limited Training Data: When the'size of the training dataset is small, the
model tends to'memorize examplés rather than generalize.

¢ Presence of Noisé : Noisy data containing errors, outliers, or irrelevant
attributes leads the model to learn incorrect patterns.

¢ Absence of Regularization : Without constraints, models freely fit training
data, including unwanted noise.

Effects of Overfitting

The negative effects of overfitting include:

¢ Poor generalization ability
¢ Unstable predictions

¢ Failure of the model in real-world deployment
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Methods to Reduce Overfitting

Overfitting can be controlled using the following strategies:

¢ Increasing the size of the training dataset

¢ Removing irrelevant or redundant features

¢ Applying regularization techniques such as L1 and L2 regularization
¢ Using k-fold cross-validation

¢ Implementing early stopping during training

¢ Reducing model complexity through pruning or parameter tuning

Bias—Variance Tradeoff

The bias—variance tradeoff provides a theoretical foundation for understanding
underfitting and overfitting. It explains how errors in machine learning models arise due
to two competing sources—bias and variance—andawhy reducingone often increases
the other.

Bias : Bias represents the error introduced due toreverly simple assumptions made
by the learning algorithm. Models with high bias pay little attention to training data
and oversimplify the problem, which leads to underfitting. Such models fail to capture
important patterns present in the data.

Variance : Variance represets the erroficaused by excessive sensitivity of the model
to small fluctuations in the training dataset.»High-variance models adapt too closely
to the training data and often learn noise instead of meaningful patterns, resulting in
overfitting.

In practice, machine ledarning, aims to find an optimal balance between bias and
variance. A well-tuned model achieves low bias and low variance simultaneously,
thereby minimizing total predi€tion error and improving generalization.

Recap
¢ Building a machine learning model is a systematic and iterative process
rather than a single-step activity.

¢ The first step in model building is problem identification, where the objective,
type of task, and expected output are clearly defined.

¢ Data collection follows problem definition, and the quality, relevance, and
quantity of data directly affect model performance.

¢ Data understanding and exploration (EDA) helps analyze data structure,
detect missing values, outliers, and identify important relationships among
variables.
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Data preprocessing and cleaning ensure that real-world noisy and inconsistent
data is transformed into a usable format for learning.

Feature selection and feature engineering improve model accuracy by
selecting relevant attributes and creating meaningful new features.

The dataset is divided into training, testing, and sometimes validation sets to
assess the model’s generalization ability.

Model selection involves choosing an appropriate algorithm based on
problem type, data characteristics, and interpretability needs.

During model training, the algorithm learns patterns by minimizing error
using a loss function and optimization techniques.

Model evaluation uses performance metrics to measure accuracy and identify
issues such as overfitting or underfitting.

Classification metrics such as accuracy, precision, reeall, Fl-score, and
specificity assess discrete prediction performance.

Regression metrics like MAE, MSE, RMSE,“and R* measure prediction
errors for continuous values.

Clustering metrics such as Silhguette Score and Davies—Bouldin Index
evaluate cluster quality in unsupervised learning.

Underfitting occurs whenfamodel is too'simple and fails to capture underlying
patterns, leading to poor performance.

Overfitting occurs when a model Aearns noise along with data patterns,
reducing its ability to generalize to unseen data.

Objective Type Questions

W,

N ey - o

What branch of Artificial Intelligence enables machines to learn from data?

Which ability allows a machine learning model to perform well on unseen
data?

What is the first step in building a machine learning model?

Which process involves cleaning and transforming raw data?

What are the input variables of a machine learning model called?
Which type of machine learning problem predicts continuous values?

Where are true positives and false negatives represented together?
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8. Which metric measures overall correctness of a classification model?

9. What metric measures the correctness of positive predictions?

10. Which metric measures the ability to identify all actual positive cases?
11. How is the imbalance between bias and variance explained collectively?
12. What problem occurs when a model is too simple to learn patterns?

13. Which problem occurs when a model memorizes training data?

14. Identify the regression metric that penalizes larger errors more.

15. Name the clustering metric used to measure cluster quality without labels.

16. Define the technique used to reduce overfitting by adding constraints.

Answers to Objective Type Questions

[a—

Machine Learning
Generalization
Problem Definition
Preprocessing
Features
Regression
Confusion Matrix

Accuracy
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Precision
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. Underfitting
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. Overfitting
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. MSE
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. Silhouette Score
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. Regularization
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Assignments

1. Explain in detail the complete steps involved in building a machine learning
model.

2. Discuss accuracy, precision, recall, F1-score, and specificity with suitable
examples.

3. Define overfitting and underfitting. Explain their causes, effects on model
performance, and methods to overcome each problem.

4. A classification model gives the following confusion matrix values:
TP =70, FP =10, FN =20, TN = 100.

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

b. Analyze whether the model performance s, acceptable and
justify your answer.

5. A regression model gives the predicted output values significantly close to
training data but performs poorly on test data.

a. Identify the type of problemi faced by the model.

b. Analyze the possible reasons for this issue and suggest
suitable solutions.
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Unit 1

Regression

Learning Outcomes

After completion of this unit, the learner will be able to:

¢ to familiarize the concept of regression

*

identify the difference between simple and multiple linear regression

¢ recall the equation of linear regression

*

explore the types of regularization techniquesyused in machine learning

Prerequisites

A city transportation department wants'to, predict traffic congestion levels based on
factors such as the number of vehicles on theyroadsgweather conditions, and time of
day. They have historical datasshowing how these factors affected traffic delays in the
past. To estimate future congestion and plan better traffic management, learners need
to understand how multiple input factors influence a continuous output (traffic delay).
This situation introddees  regression, which models relationships between predictor
variables (vehiclesf weather,time) and a target variable (delay).

Additionally, learners should be aware that a model built only on past data may
perform poorly on new traffic patterns due to overfitting. Using regularization
techniques helps reduce model complexity, ensuring the predictions remain accurate
and generalizable for unseen scenarios.

Keywords

Prediction,Linear Regression, Overfitting, Regularization, Ridge Regression, Lasso
Regression




Discussion

3.1.1 Regression Analysis in Machine Learning

Regression is a supervised learning technique used to predict continuous numerical
values by learning the relationship between input variables (features) and an output
variable (target). It supports data-driven decision-making by analyzing how changes in
one or more factors influence a measurable outcome.

Suppose a marketing company A invests in advertising each year and generates sales
from these campaigns. The following data in Table 3.1.1 represents the advertising
expenditure over the past five years along with the corresponding sales figures achieved
during those years.

Table 3.1.1 Expenditure

Advertisement Sales
Rs 90 Rs 1000
Rs 120 Rs 1300
Rs 150 Rs 1800
Rs 100 Rs 1200
Rs 130 Rs 1380
Rs 200 2?

Now, the company plans to speadiRs 200 on advertising in the year 2019 and wants
to estimate the expected sales for that year, To address this type of prediction problem
in machine learning, regression analysis 1sused.

Regression analysis_is,a statistical method that models the relationship between a
dependent (target) variable and onelenmore independent (predictor) variables. It helps
explain how the target vamabléichanges with respect to one predictor while keeping
other predictors comstant. Typical outputs include real-valued predictions such as
temperature, age, salary, price,©r sales.

Some examples of regression can be as

¢ Predicting rainfall using temperature and related factors
¢ Analyzing and forecasting market trends

¢ Estimating road accidents based on driving behavior and conditions

3.1.1.1 Why Regression is used

Regression is widely used in data analysis and machine learning because it helps
uncover and quantify relationships between variables and supports accurate predictions.
Its key purposes include:
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1. Identifying correlations and relationships: Regression analysis helps
determine how strongly one or more independent variables are related to
a dependent variable and whether the relationship is positive, negative, or
negligible. This makes it easier to understand patterns and trends in data.

2. Prediction and forecasting: By learning from historical data, regression
models can predict future or unknown continuous values such as prices,
demand, temperature, or sales, supporting informed decision-making.

3. Time series modeling: Regression can be applied to time-based data to
analyze trends, seasonal effects, and long-term patterns, making it useful for
forecasting future values based on past observations.

4. Understanding cause-and-effect relationships: Regression helps analyze
how changes in one variable affect another while keeping other factors
constant, enabling organizations to study the impact of specific actions or
factors on outcomes.

3.1.1.2 Types of Regression

There are several types of regression techniques used in data science and machine
learning, each suited to specific problem scenasies. Although their approaches differ,
all regression methods fundamentally focusfon studying how-one or more independent
variables influence a dependent variable. Some of the important regression techniques
include:

1. Linear Regression
Logistic Regression
Polynomial Regression
Support Vector Regréssion
Decision Tree Regression
Random Forest Regression

Ridge Regression

® NN kWD

Lasso Regression

Each of these methods is selected based on the nature of the data, the relationship
between variables, and the desired prediction accuracy.

3.1.2 Linear Regression

Linear regression is a statistical technique widely used for predictive analysis and
is one of the simplest and most intuitive algorithms in machine learning. It is primar-
ily applied to regression problems where the goal is to predict a continuous outcome.
Linear regression helps in understanding and modeling the relationship between vari-
ables by assuming a straight-line relationship between the inputs and the output.
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This method explains the linear relationship between an independent variable plotted
on the X-axis and a dependent variable plotted on the Y-axis. When the model involves
only one independent variable, it is known as simple linear regression. When two or
more independent variables are used to predict the dependent variable, the model is
referred to as multiple linear regression. For example, predicting an employee’s salary
based on years of experience as in Fig 3.1.1 is a common use case of linear regression.

Y

120000 =

Salary —»
:

40000 -1

2 4 6 8 'H'Jx

experience N\
Fig. 3.1.1 Employee salarysbased on experience

The relationship between variables in a/linear regression model is represented using
a mathematical equation:

Y =aXst b,

Where Y denotes the dependent (target), variable, X represents the independent
(predictor) variable, and a and\ b are constants known as regression coefficients that
define the slope and intét€ept of the line respectively.

Linear regression is widely sed in practical applications due to its simplicity and
interpretability. Common applications include analyzing trends and estimating sales,
forecasting salaries, predicting(real estate prices, and calculating estimated times of
arrival (ETAs) in traffic and'transportation systems.

3.1.3 Regularization

Regularization is a key concept in machine learning that is used to reduce overfitting
by introducing additional constraints into the model. It helps control model complexity
so that the learned patterns generalize well to new and unseen data.

(8]
- -+ ®
—— — ..
L L L 1 'l L 'l 1
LJ ) L] L] L T Ll T
Without Regularization With Regularization
(Owverfit) (Good fit)

Fig. 3.1.2 Regularization
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In some cases, a machine learning model may perform very well on training data but
poorly on test data. This happens when the model captures noise instead of meaningful
patterns, a condition known as overfitting. Regularization techniques help overcome
this problem by limiting how strongly the model fits the training data as in Fig 3.1.2.

Regularization allows all features to remain in the model while reducing the influence
of individual variables. By shrinking the magnitude of feature coefficients, it maintains
prediction accuracy and improves the model’s ability to generalize.

In simple terms, regularization works by pushing feature coefficients toward zero
without removing features, thereby reducing model complexity while keeping the same
number of input variables.

3.1.3.1 Types of Regularization

There are two primary regularization techniques commonly used in machine learning:

¢ Ridge Regression

¢ Lasso Regression

1. Ridge Regression

Ridge Regression is a variant of linear regression that introduces a small amount
of bias into the model in order to achieve better prediction performance and stability,
especially when dealing with complex or highly correlated data.

Ridgeregressionis aregulariZation technique, specifically known as L2 regularization,
and is used to reduce model complexity. Instead of fitting the training data too closely,
it penalizes large coefficient values, helping/the model generalize better to unseen data.

In Ridge regression, the cost (less)sfunction is modified by adding a penalty term.
This penalty is proportional'to the sum of the squares of the feature coefficients. The
strength of this penalty 1s controlled by a parameter called lambda (A). As the value
of A increases, the coefficientsdare shrunk closer to zero, reducing model variance but

increasing bias slightly.
Loss+ A Z w?

2. Lasso Regression

Lasso Regression is a regularization technique used to reduce model complexity
and prevent overfitting in linear regression models. The term LASSO stands for Least
Absolute Shrinkage and Selection Operator, highlighting its dual role in shrinkage and
feature selection.

Lasso regression is similar to Ridge regression, but it differs in the way the penalty is
applied. Instead of squaring the coefficients, Lasso adds a penalty based on the absolute
values of the coefficients. Because of this property, Lasso can reduce some coefficients
exactly to zero, effectively removing less important features from the model.
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This characteristic makes Lasso especially useful when working with datasets that
contain a large number of features, as it helps in automatic feature selection. Lasso
regression is also referred to as L1 regularization due to the use of the absolute value
in the penalty term.

3.1.3.2 Advantages of Regularization

1. Improved Generalization: Regularization helps models perform better on
unseen test data by preventing them from memorizing training data.

2. Feature Selection: L1 regularization can automatically select important
features by shrinking irrelevant ones to zero.

3. Reduced Overfitting: Regularization discourages complex models,
reducing the risk of overfitting.

Recap

¢ Regression predicts continuous numeri€al'values by, leasfiing relationships
between input and output variables¢

¢ Used for forecasting, trend analysis, risk assessment, and cause-effect
understanding.

¢ Linear regression models the linéar relationship between independent and
dependent variables.

¢ Simple linear zegtession bises onegpredictor; multiple linear regression uses
multiple predictors.

¢ Linear regression equation: Y = aX + b, where a is slope and b is intercept.

¢ Linear regressiongapplications include sales prediction, salary forecasting,
real estate pricing, and traffic ETA estimation.

¢ Overfitting occurs when models perform well on training data but poorly on
unseen data.

¢ Regularization prevents overfitting by controlling model complexity and
improving generalization.

¢ Regularization works by shrinking feature coefficients toward zero without
removing features.

¢ Main types of regularization: Ridge Regression (L2) and Lasso Regression
(L1).

¢ Ridge Regression penalizes squared coefficients to reduce variance and
introduces small bias for stability.
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Lasso Regression penalizes absolute coefficients and can set some coefficients
to zero, enabling automatic feature selection.

Regularization improves model stability, accuracy, and interpretability.

Regression analysis helps identify correlations and quantify relationships
between variables.

Supports time series modeling for analyzing trends and seasonal patterns.

Enables data-driven decision-making by predicting future values based on
historical data.

Objective Type Questions

S

AR o)

I1.
12.
13.
14.

15.

Which machine learning technique predicts continuoussnumerical values?
What type of regression uses one predictor variable?

What type of regression uses multiple predictorvariables?

What is the linear regression equation represented as?

Which problem occurs when a model performs well on training data but
poorly on unseen data?

Which technique is usgd to preventioverfitting in machine learning?
Which regularization method penalizes squared coefficients?
Which regularization methodspenalizes absolute coefficients?

Which regularization technique can reduce some feature coefficients exactly
to zero?

. Which regression“method is primarily used for predicting real-valued

outputs?

What does LASSO stand for in Lasso Regression?

Which regression technique is also known as L2 regularization?
Which regression technique is also known as L1 regularization?

What type of relationship does linear regression assume between input and
output variables?

Which analysis helps in identifying correlations and quantifying relationships
between variables?
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Answers to Objective Type Questions

1. Regression

2. Simple

3. Multiple

4. Y=aX+Db

5. Overfitting

6. Regularization

7. Ridge

8. Lasso

9. Lasso

10. Linear

11. Least Absolute Shrinkage and Selection Operator

12. Ridge

13. Lasso

14. Linear

15. Regression
Assignments

1. Explain how regression analysis can help a company predict future sales
based on historicakadvertising data. Illustrate with an example.

2. Compare and contrast simple linear regression and multiple linear regression
in terms of complexity and applications.

3. A model predicts well on training data but fails on test data. Analyze the
reasons and explain how regularization can address this problem.

4. Discuss the differences between Ridge (L2) and Lasso (L1) Regression,
including their impact on model coefficients and feature selection.

5. Evaluate a scenario where a company wants to forecast employee salaries
based on experience, education, and performance. Which regression
technique would you choose and why?
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Unit 2

Linear Regression

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ define linear regression
¢ identify the independent and dependent variables in a dataset
¢ recall the meaning of simple linear regression

¢ discuss the types of linear regression

Prerequisites

Before learning linear regression, learners can think about a common and easy-
to-understand situation such as buying a houselsWhen people search for houses, they
usually notice that houses with more square, feet cost more, while smaller houses cost
less. By looking at prices of different houses, learners can see that the price changes
depending on the size of:the house. Here, the size of the house is the input (independent
variable), and the house price i1s‘thegoutput (dependent variable). This basic idea of
one value affecting anothesthelps learners understand relationships between numbers.
Linear regression uses'this simple idea and turns it into a mathematical method that
draws a straight line through th€ data to show the relationship clearly and helps predict
the price of a house for any'gtven size.

Keywords

Independent  Variable, Dependent Variable, Predictor Variable, Response
Variable,Regression Line
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Discussion

3.2.1 Introduction to Linear Regression

Linear Regression in Machine Learning is a statistical modeling technique used to
examine and quantify the linear relationship between a dependent variable and one or
more independent variables. A linear relationship implies that as the value of one or
more independent variables increases or decreases, the value of the dependent variable
changes proportionally.

In machine learning, linear regression is applied as a supervised learning algorithm
to predict continuous numerical outcomes for new and unseen data. It learns patterns
from labeled datasets, where input features represent independent variables and the
output label represents the dependent (target) variable.

Consider the following data(Single feature and single target) given in Table 3.2.1.

Table 3.2.1 Sample Data

Square Feet (X) House Price (Y)

1300 240
1500 320
1700 330
1830 295
1550 256
2350 409
1450 319

In the given datag the house price.is the target value and acts as the dependent
(response) variable, while_square feet is the feature and serves as the independent
(predictor) variable, Thefinput variables are used to estimate or predict the output value.
Therefore, independent variables are commonly referred to as predictor variables, and
the dependent variable issalso known as the response variable.

Linear regression is widely used in predictive modeling, including applications such
as financial forecasting, risk analysis, trend estimation, and decision-making systems.
By learning from historical data, the model estimates the best-fitting straight line that
represents the relationship between features and the target value.

3.2.1.1 Line of Regression

A straight line that represents the relationship between the independent variables and
the dependent variable is called the regression line or line of regression. This line illus-
trates how the dependent variable changes in response to variations in the independent
variable(s)as given in Fig 3.2.1.
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Fig. 3.2.1 Line of Regression

The linear relationship between variables can be of two types:

1. Positive Linear Relationship

A linear relationship is considered positive when, both the independent variable
and the dependent variable increase together. In this case, an increase in the predictor
variable leads to an increase in the response variable, which is reflected by an upward-
sloping regression line as in Fig 3.2.2.

v

Fig. 3.2.2 Positive Linear Relationship

2. Negative Linear Relationship

A linear relationship is considered negative when an increase in the independent
variable results in a decrease in the dependent variable. This type of relationship is
shown by a downward-sloping regression line, indicating an inverse relationship
between the variables as in Fig 3.2.3.
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Fig. 3.2.3 Negative Linear Relationship

Types of Linear Regression

Linear regression used to model relationships between variables can be broadly
classified into the following two categories.

¢ Single-variable (Simple) Regression

¢ Multivariable (Multiple) Regression:

3.2.2 Single-variable Regression

Simple linear regression is a type of regressionanalysis in which a single independent
variable, also called a predictor variable, is used to predict a dependent variable. It
models the linear relationship between ong input variable and one output variable,
assuming that changes_ insthe independent yariable result in proportional changes in the
dependent variable,

Independent Variable

The independent variable represents the input feature in the dataset. In simple linear
regression, there is only one independent variable, which is used to predict the target
value. It is also known as the predictor variable and is typically plotted along the
horizontal (X) axis.

Dependent Variable

The dependent variable is the target or output value that the model aims to predict. It
is also referred to as the response or predicted variable and is usually plotted along the
vertical (YY) axis.

Line of Regression

The line of regression in simple linear regression is a straight line that best fits the
given data points. This line represents the relationship between the independent and
dependent variables and is used to make predictions by minimizing the difference
between the observed data points and the predicted values.
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Graphical Representation
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Fig. 3.2.4 Graphical Representation of Single-variablé Regression

In the Fig 3.2.4, the straight line denotes the simple linear regression line, where Y
represents the predicted value. Here, Y refets to the dependent (target) variable, and X
denotes the independent (input) vatiable.

3.2.3 Multivariable Regression

Multiple Linear Regtession (MLR) is.d supervised machine learning and statistical
technique used to mddel the relationshipbetween one dependent variable (target) and two
or more independent variables (features). It is an extension of simple linear regression,
designed to capture how multiple factors together influence a single outcome.

In machine learning, multiple linear regression is trained on labeled data to learn
a regression equation (regression line or hyperplane) that best fits the observed data.
This learned relationship explains how changes in different independent variables
collectively affect the dependent variable and is then used to predict outcomes for new
and unseen data.

Mathematically, multiple linear regression can be expressed as:
h(x) =w, +wx, +twx + ... +wx,
where:
¢ h(x) is the predicted value of the dependent variable.

¢ W, is the intercept.
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» W, are regression coefficients.

® X, Xy X represent the independent variables.

Multiple linear regression models also account for residual error, which represents
the difference between the actual and predicted values due to noise or unobserved factors
in the data. This technique is widely used in applications such as sales forecasting,
risk analysis, demand prediction, and economic modeling, where outcomes depend on
multiple influencing variables.

3.2.4 Polynomial regression

Polynomial regression is an important concept in machine learning and statistics
used to model relationships between variables when the data does not follow a straight
line. In many real-world situations such as economic trends, population growth, and
engineering measurements, the relationship between input and output variables is
curved rather than linear. Polynomial regression extends linear regression by introduc-
ing higher powers of the independent variable, allowing the ‘medel to better capture
such non-linear patterns.

In polynomial regression, the dependent variable is expressed as a polynomial func-
tion of the independent variable. Instead of fitting a straight linej the model fits a curve
that can bend and adjust according to theé data. The general form of the polynomial
regression equation is:

y = Bod¥ Bix + BrxfpEie+ fox”

Here, y represents the dependent variable, x represents the independent variable, and
BysB,»---,B, are coefficients of the model. The degree of the polynomial, denoted by n,
determines the flexibility of the model. Athigher degree allows the curve to fit the data
more closely, but it may also.dncrease the risk of overfitting.

EXAMPLES OF POLYNOMIAL REGRESSION
Degree 1 (Linear) Degrea@{Quadratic) Degree 3 (Cubic) Degree 4 (Quartic)

X X K *x
y=fy+ fix | y=f s fox+ fox® Y=l B+ Pox® + Pax | [y =yt Bt foa® + a4 !
(Straight Line) ) (Parabala) (5-eurve) {More Flexible Curve)
|
| = Higher degree — miene flexibility » Tao high degree — overfitting + Applications: Firance, Engineering,

I + Too low degree — underfitting + Choose the degree that best fits the data Biclogy. Economics, Data Science, ete.

Fig. 3.2.5 Polynomial Regression
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The working principle of polynomial regression involves transforming the original
input variable into multiple features such as x2, x3, and higher powers. These
transformed features are then used in a linear regression model. Although the resulting
model appears non-linear in terms of the input variable, it is still linear with respect
to the coefficients. This allows the use of standard techniques like the least squares
method to estimate the parameters efficiently.

One of the key advantages of polynomial regression is its ability to model complex,
non-linear relationships with relatively simple mathematics. It provides better accuracy
than linear regression when the data follows a curved pattern. However, this flexibility
comes with certain challenges. If the degree of the polynomial is too high, the model
may fit the noise in the data instead of the underlying pattern, leading to overfitting.
On the other hand, if the degree is too low, the model may fail to capture the true
relationship, resulting in underfitting.

Polynomial regression is widely used in various fields such as finance, biology,
engineering, and data science. For example, it can be use@yto model growth curves,
predict trends, and analyze relationships between variables. Despite its usefulness,
careful selection of the polynomial degree and proper evaluation of the model are
essential to ensure good performance and generalization to new data.

Recap

¢ Linear Regression is a statistical and supervised/machine learning technique
used to model the linear relatienship betweend dependent variable and one
or more independent variables.

¢ Alinear relationship means thatchanges in the independent variable(s) result
in proportional changes in the dependent variable.

¢ Inmachinelearning, linear regression is used to predict continuous numerical
values using labeléd training data.

¢ Independent variables afe also called predictor variables, while the dependent
variable is known @sthe target or response variable.

¢ A regression line is a straight line that best represents the relationship
between input and output variables.

¢ Linear relationships can be positive (both variables increase together) or
negative (one variable increases while the other decreases).

¢ Linear regression is classified into simple (single-variable) regression and
multiple (multivariable) regression.

¢ Simple linear regression uses one independent variable to predict one
dependent variable.

¢ Multiple linear regression uses two or more independent variables to predict
a single dependent variable.
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The mathematical model of multiple linear regression includes an intercept,
regression coefficients, and independent variables.

Residual error represents the difference between actual and predicted values
due to noise or missing factors.

Linear regression is widely applied in forecasting, risk analysis, trend
estimation, and decision-making systems.

Polynomial regression models non-linear relationships by fitting a curved
function to the data.

Objective Type Questions

P 5=

SOFCORE 1l O

What statistical technique models a linear relationship between variables?
Which type of learning does linear regression belong to?

What is the predicted variable called in linearregression?

What is the input variable called in regfession, analysis?

What is the straight line that represents the relationship between variables
called?

What type of linear relationship shows bethevariables increasing together?
What term is used for/w, in thedegression equation?
What are w,w e BV called?

What is thefdifferencesbetween actual and predicted values known as?

10. What are independent variables also called?

Answers to Objective Type Questions

N8y o> R

LinearRegression
Supervised
Dependent
Independent
Regression
Positive

Intercept
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8. Coefhicients
9. Residual

10. Predictors

Assignments

1. Analyze the concept of a regression line and explain how it represents
positive and negative linear relationships between variables.

2. Describe simple linear regression, clearly explaining the roles of independent
and dependent variables with a graphical interpretation.

3. Explain the importance of residual error in linear regression and discuss its
impact on model accuracy.

4. Examine the applications of linear regression(in real-world'seenarios such as
financial forecasting, risk analysis, and decision-making systems.

5. Analyze how multiple factors together “influencé™a single outcome
in multiple linear regression Wwith a suitable application example.
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Unit 3

Classification Techniques in Machine
Learning

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ understand the basic idea of classification in machine learning
¢ explain how decision trees, bagging, and boosting work

¢ use classification algorithms to solve simple problems

¢ compare different classifiers based on their performance

¢ identify the strengths and weaknesses of.ensembléimethods
Prerequisites

Every day, countless emails drrive in an inbox==some are important messages from
teachers or banks, while others are ufiwanted advertisements or fraudulent offers.
Without any manual effort, the email system automatically separates these messages
into “Inbox” and “Spams’This instant degision is made using classification techniques
such as decision treés and ensemblefmethods. By learning from large amounts of past
email data, the system is_able to classify new messages accurately and efficiently. This
real-time example clearly highlights the practical relevance of this topic and shows how
machines can be trained to make smart decisions in real-life situations.

To study this chapter effectively, a few basic foundations are sufficient. An
understanding of how computers manage data, elementary mathematics and probability,
and basic programming concepts (for example, simple Python knowledge) is helpful.
More importantly, curiosity about how data-driven decisions are made will make
learning this chapter enjoyable. The benefits of studying this topic are wide-ranging. For
instance, in healthcare, classification models help predict diseases early by analyzing
patient data, while ensemble methods like bagging and boosting increase prediction
accuracy by combining multiple models These concepts enable learners to design
accurate and reliable intelligent systems that solve real-world problems in areas such as
education, finance, healthcare, and online services.




Keywords

Classification, Supervised Learning, Features, Class Label, Training Data, Decision
Tree, Random Forest, Ensemble Learning, Bagging, Boosting

Discussion

3.3.1 Introduction

Classification is one of the core tasks in machine learning, where the objective is to
predict the category or class of new data points based on previously observed examples.
Unlike regression, where we predict continuous values, classification deals with discrete
outcomes. For instance, an email can either be “spam” or “not spam”, a patient may be
classified as “diabetic” or “non-diabetic”, and images can be labeled as “cat,” “dog,” or
“bird.” The importance of classification in real-world applications cannot be overstated.
In healthcare, accurate classification models can assist docters in diagnosing diseases.
In finance, they help detect fraudulent transactions. In e-commerce, recommendation
engines use classification to predict user preferences. Effective elassification models
improve decision-making, automation, and operational efficiency across industries.
Classification problems can be binary (two classes), multi=class (more than two classes),
or multi-label (multiple classes can apply simultanéeusly)."Tessolve these problems,
machine learning provides a range of algorithms, each with unique characteristics.
This unit covers six popular classification techniques: Bayesian Methods, K-Nearest
Neighbors (KNN), Decision Trees, Random Forest,/Bagging, and Boosting. Each
method varies in approach, complexity, interprétability, and application domain.

3.3.2 Bayesian Methods

Bayesian methods are probabilistief classification techniques based on Bayes’
theorem, which relates the cenditional probability of a class given observed data to the
probability of observing'the data under each class. These methods assume that we can
calculate the likelihood of observing the features for each class and combine it with
prior knowledge about classprobabilities.

Bayesian classification is particularly popular because it provides a mathematically
principled approach to decision-making under uncertainty. Even with limited data, it
can give reliable predictions if the underlying assumptions hold.

3.3.2.1 Naive Bayes Classifier

The Naive Bayes classifier is a simple yet powerful probabilistic classifier. It is
called “naive” because it assumes all features are independent of each other given the
class, which rarely holds in reality. Despite this strong assumption, Naive Bayes often
performs surprisingly well in practice.
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Bayes’ Theorem formula:

PX|C) - P(C)

Where:
e P(C|X) = posterior probability of class C' given feature vector X
» P(X|C) = likelihood of features given the class
e P(C) = prior probability of class C
e P(X) = probability of the features (normalizing factor)

Step-by-step working example:

Suppose we want to classify emails as "spam” or "not spam” based on the presence of the wards “buy,”

"free,” and “offer.”

*» Prior probabilities: P(spam) = 0.4, P(not spam) = 0.6
* Likelihood: P(buy|spam) = 0.7, P(free|spam)/= 0.8 P(offerispam) = 0.6
* Likelihood: P(buy|not spam) = 0.1, P(free|not spam) = 0.05, P(offer|not spam) = 0.2

If a new email contains the words "buy” and “offer,” the posterior probabilities are:
P(spam|X) o< P(spam) - P(buy|spam) - P{offerispam) = 0.4-0.7 - 0.6 = 0.168
P(not spam|X) e P(not spam) | P(buy|not@pam) - P(offer|not spam) = 0.6 - 0.1- 0.2 = 0.012

Since 0.168 > 0.012, the emaibis.classifiedhas "spam.”

3.3.2.2 Types of Naive Bayes Classifiers

1. Gaussian Naive Bayes : Assumes features follow a normal (Gaussian)
distribution; suitable for continuous data.

2. Multinomial Naive Bayes : Suitable for count data, commonly used in text
classification.

3. Bernoulli Naive Bayes : Suitable for binary features (presence/absence of
words).

3.3.2.3 Advantages and Disadvantages

Advantages

¢ Simple and fast to train
¢ Performs well with small datasets

¢ Handles high-dimensional data efficiently
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Disadvantages

¢ Assumes feature independence (rarely true in practice)

¢ Sensitive to zero probabilities (requires smoothing)
3.3.2.4 Applications

¢ Email spam detection
¢ Sentiment analysis

¢ Document classification

3.3.3 K-Nearest Neighbors (KNN)

The K-Nearest Neighbors (KNN) algorithm is one of the simplest and most intuitive
classification methods in machine learning. Unlike other algorithms, KNN is an
instance-based or lazy learning algorithm, meaning it does not'build a model explicitly
during training. Instead, it memorizes the training dataset and makes predictions only
when a new data point needs classification.

KNN works on the principle that similat data points tendito belong to the same
class. In other words, the class of a new observation is determined by the majority
class among its ‘K’ nearest neighbors in the feature space. Imagine a social media
platform recommending friends. To suggestinew friends for a user, the system looks
at users with similar interests, activities, or networks. Those closest in characteristics
(neighbors) influence the recommendation, much like KNN classifies new points based
on the closest known examplgs.

3.3.3.1 Working 6f KNN
The working of KNN can'be broken down into the following steps:
1. Choose the value of K
¢ K represents the number of neighbors considered for deciding the class.

¢ Asmall K (e.g., K=1) may be sensitive to noise, while a large K smooths the
decision boundaries.

2. Calculate the distance between points

Distances between the new point and all training points are calculated. Common
distance metrics include:
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* Euclidean distance (most common for continuous features);

d(z.y) = -ﬁ‘ D oim w)?
1=]

b
"j.'l.rl Elr:l - E |'-"'-! tlll'l
e §

* Manhattan distance:

«  Minkowski distance; general form that includes Euclid=an and Manhatian as special cases,

3. Identify the K nearest neighbors

¢ Sort all training points by distance to the new point and select the top K
closest points.

4. Vote to classify the new point

¢ Each neighbor casts a “vote” for its class. The class with,the majority votes
is assigned to the new point.

¢ In the case of ties, tie-breaking strategies or weighting by distance can be
applied.

KNN Example: Fruit Classification
Problem:

We have a dataset of fruits with twodeatures: Weight (grams) and Color Intensity
(1-10 scale). Each fruit is labeled as either Apple or Orange. We want to classify a new
fruit using KNN with K = 3.

Step 1: Training Data

Fruit Weight (g) Color Intensity Class
F1 150 7 Apple
F2 170 6 Apple
F3 140 8 Apple
F4 200 3 Orange
F5 220 4 Orange
F6 210 5 Orange

New fruit to classify: Weight = 160 g, Color Intensity = 6
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Step 2: Choose K

We select K = 3, meaning the 3 nearest neighbors will decide the class of the new
fruit.

Step 3 Calculate Distances

We use Fuelidean distance formuola:

s

d = 2/ lmn =)+ (2 - )
Where 1, o2 are features of the new freit, and ¥y, 1= are features of a training frait,
Distance caloulations:
1. Distance (o F1iappk)

d = /1160 — 150§ + (6 — 7)% = +/10% + {13 = 100 + 1 = v'101 & 10.03

2. Distance to F2 (Apple):

100 = 10.0

d = /7160 — 170]% + (6 — 61° — /[=10]° + 0°

3. Dnztance to F3 (Applel

d = /(160 — 140} | (6  &)F = V400 | 4 — /404 == 20.1

4. Distance to F4 [Orange:

d = /(160 — 200) + VIE00 + 8 = +/1608 = 40.1

5. Distance 1o Fh [Oranges:

= /3600 + 4 = +/3604 = 60.0

d = (160 — 210)% + 5)% — /(—50)® + 12 — 2500 + 1 — /2501 == 50.0

Step 4: Identify the K Nearest Neighbors

We sort the distances from smallest to largest:

Fruit Class Distance
F2 Apple 10.0

F1 Apple 10.05

F3 Apple 20.1

F4 Orange 40.1

Fé& Orange 50.0

F5 Orange 60.0

SREENARAYANAGURU.
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The 3 nearest neighbors are:
¢ F2 (Apple)
¢ F1 (Apple)
¢ F3 (Apple)
Step S: Voting
Among the 3 nearest neighbors:
¢ Apple: 3 votes

¢ Orange: 0 votes

Step 6: Classify the New Fruit

Since the majority of neighbors are Apple, the new fruitisiclassified as an Apple.

3.3.3.2 Advantages and Disadvantages

Advantages
¢ Simple to implement and understand
¢ No explicit training phase; easy to update with fnew data
¢ Effective for multi-clas§ classification

¢ Works well for small to. medium-sized datasets

Disadvantages

¢ Computationally expensive for large datasets (distance must be calculated
for all points)

¢ Sensitive to noisy or irrelevant features
¢ Requires feature scaling (e.g., normalization) for fair distance calculation

¢ Performance depends heavily on the choice of K and distance metric

3.3.3.3 Applications of KNN

KNN is widely used across various domains due to its simplicity and effectiveness:

¢ Recommendation Systems : Suggesting movies, products, or friends based
on user similarity

¢ Medical Diagnosis : Classifying patients based on symptoms or test results
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¢ Image Classification : Handwriting recognition (e.g., MNIST dataset)

¢ Fraud Detection : Identifying suspicious transactions by comparing with
known cases

¢ Anomaly Detection : Spotting unusual patterns in network or sensor data

3.3.4 Decision Trees

A Decision Tree is a supervised machine learning algorithm used for
classification and regression tasks. It uses a tree-like structure to make
decisions, where internal nodes represent tests on features, branches represent
outcomes of tests, and leaf nodes represent class labels or continuous values.
Decision Trees are popular because they are intuitive, easy to visualize, and
interpretable, making them useful in business, healthcare, and many other domains.
Imagine a loan approval system. The bank decides whether,to approve or reject a loan
based on features like income, credit score, employment statis, and existing debts. A
Decision Tree can model this decision-making process:

Is income > 50,0007

¢ Yes — Check credit score
¢ No — Reject loan

Credit score > 7007?

¢ Yes — Approve loan

¢ No — Rejectdoan

3.3.4.1 Working efDecision Trees

The steps to build a Decisiondree:

1. Select the best feature to split the data

¢ The goal is to select a feature that best separates the data into homogeneous
subsets.

¢ Metrics used for selection include:
* Entropy and Information Gain (ID3 algorithm)
* Gini Index (CART algorithm)
2. Split the dataset based on the selected feature
3. Repeat recursively for each child node until:

¢ All instances in a node belong to the same class, or
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¢ No further features remain, or

¢ Maximum depth limit is reached
4. Assign leaf nodes with class labels or predicted values

Example of Decision Tree

Dataset: Student Pass/Fail based on hours studied and attendance

Student Hours Studied Attendance

S1 5 High

S2 2 Low

S3 4 High

S4 1 Low

S5 3 High
Steps:

1. Compute entropy of the dataset
Compute 1G for features'(Hours, Attendance)

Select feature with highest IG < split dataset

Eal S

Repeat until allfleaves areshomogeneous
Resulting Decision Tree:

¢ Attendance = High —Pass

¢ Attendance = Low — Fail
3.3.4.2 Advantages of Decision Trees

¢ Easy to understand and interpret
¢ No need for data scaling
¢ Handles both numerical and categorical data

¢ Can model non-linear relationships

3.3.4.3 Disadvantages

¢ Prone to overfitting, especially with deep trees

Result

Pass

Fail

Pass

Fail

Pass
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¢ Small changes in data can change the tree structure
¢ Less robust for noisy datasets

¢ Can be biased if some classes dominate

3.3.4.4 Applications

¢ Medical Diagnosis : Disease prediction

¢ Finance : Loan approval and credit risk

¢ Marketing : Customer segmentation and churn prediction
¢ Education : Student performance prediction

¢ Business : Decision support systems

3.3.5 Random Forest

Random Forest is an ensemble learning techniqué that builds multiple decision trees
and combines their predictions to improve accuracy andireduce oyerfitting. Instead of
relying on a single tree, Random Forest aggfegatesithe predictions of many trees (a
“forest’) to produce a more reliable and stable output.

It is called “random” because it introduces randomness/in two ways:

1. Random sampling of ddta points (Bootstrap sampling) for each tree.
2. Random selection of features for each split in a tree.
Example:

Consider predicting whether a customer will buy a product online. A single decision
tree may make mistakes due to noise or specific patterns in training data. Random
Forest uses hundreds of trees; each trained on different random samples and features,
and combines their predictions. The final decision (e.g., “buy” or “not buy”) is more
accurate and robust.

3.3.5.1 Working of Random Forest
The Random Forest algorithm works as follows:
1. Bootstrap Sampling

¢ For each tree, select a random subset of the training data with replacement
(some points may appear multiple times).

2. Feature Randomness

¢ At each split, consider only a random subset of features, instead of all
features, to determine the best split.
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3. Tree Construction

¢ Grow each tree to the maximum depth (without pruning) using the selected
data and features.

4. Prediction Aggregation

¢ Classification : Each tree votes for a class; majority vote determines the
final prediction.

¢ Regression : Average the outputs of all trees for the final prediction.

3.3.5.2 Advantages of Random Forest

¢ Reduces overfitting compared to a single decision tree
¢ Works well with high-dimensional data

¢ Can handle both categorical and numerical features

¢ Provides feature importance ranking

¢ Robust to noise and outliers

3.3.5.3 Disadvantages

¢ Can be computationally expensive for large datasets
¢ Less interpretable than@ single deéision tree

¢ Requires careful tuning of number of trees (n_estimators) and max features

3.3.5.4 Example

Suppose we have a‘dataset to predict if a student will pass an exam based on features:

¢ Hours studied
¢ Attendance

¢ Assignments submitted

1. Build 100 decision trees, each trained on random subsets of students and
features.

2. Each tree predicts Pass or Fail.
3. Count votes from all trees:
¢ Pass =70 votes, Fail = 30 votes

4. Final prediction: Pass (majority vote)
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Random Forest produces better generalization than a single tree, reducing the risk
of overfitting.

3.3.5.5 Applications

¢ Finance : Credit scoring and fraud detection

¢ Healthcare : Disease diagnosis and patient risk prediction
¢ E-commerce : Product recommendation

¢ Marketing : Customer churn prediction

¢ Image and Text Classification : Handwritten digit recognition, spam
detection

3.3.6 Bagging and Boosting

Bagging and Boosting are ensemble learning techniqueshused to improve the
performance of machine learning models. Ensembledearning combines the predictions
of multiple base learners to produce a more accurate and robust model than any single
learner. These techniques are especially effective for reducing efrors and improving
generalization. While both Bagging and Beosting relyson comibining multiple models,
they differ in the way training data is selected and how mdividual models are combined.

3.3.6.1 Bagging (Bootstrap Aggregating)

Bagging, short for Bootstrap Aggregating, 1s an ensemble technique in machine
learning designed to improve the stability and accuracy of models, particularly high-
variance models like decisiontrees. The main idea of Bagging is to reduce variance by
combining multiple models trained,on different subsets of the data.

Bagging uses bootstrap sampling, which means it creates multiple datasets by
randomly sampling the original dataset with replacement. Each dataset trains a separate
model (often a decision tree).4Fmally, predictions from all models are aggregated:

¢ Classification : Majority vote
¢ Regression : Average prediction

For k base learners hy (), ho(x), ..., hi(x), the final prediction is:

* (lassification:
H(z) = mode{hy(z), ha(z),..., hi(z)}

¢ Regression:

H(z) =

k
Z hi(z)

x| =
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Example:

Imagine predicting the demand for ice cream in a city. A single forecast model may
overreact to unusual temperature changes or outliers in historical sales data. Bagging
combines multiple models trained on slightly different data samples, producing a more
stable and reliable forecast.

» Working of Bagging
The steps of Bagging are as follows:

1. Bootstrap Sampling
¢ Randomly create multiple datasets from the original dataset with replacement.

¢ Each dataset may have repeated samples, and some original data may be left
out (these are called out-of-bag samples).

2. Model Training

¢ Train a separate model on each bootstrapped dataset.

¢ Typically, decision trees are used, butothermodels ean al§o work.
3. Prediction Aggregation

¢ For classification, each medel votes, for a _¢lass, and the majority vote
determines the final class.

¢ For regression, predictions are‘averaged to produce the final value.
4. Out-of-Bag Evaluation

¢ Models can be tested on the data not included in the bootstrap sample to
estimate accuracy without a separate validation set.

Advantages of Bagging

¢ Reduces overfitting of high-variance models

¢ Improves prediction stability

¢ Works well for complex datasets

¢ Can handle both classification and regression tasks
¢ Simple to implement and highly parallelizable

Disadvantages

¢ Does not reduce bias significantly
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¢ Models can be computationally intensive if many trees are used

¢ Less interpretable compared to a single model

Example of Bagging

Suppose we have a dataset to predict whether a customer will buy a product (Yes/
No) based on:

¢ Age
¢ Income

¢ Browsing history

1. Create 5 bootstrapped datasets from the original traifiing data.
2. Train 5 decision trees, one on each dataset.

3. Each tree makes a prediction for a new customes:

Tree Prédiction
1 Yes
2 No
3 Yes
4 Yes
5 No

4. Final prediction: Yes (majority vote = 3 Yes, 2 No)
3.3.6.2 Boosting

Boosting is an ensemble technique that focuses on reducing bias and variance by
training models sequentially, where each new model attempts to correct the errors made
by previous models.

In boosting, more importance is given to misclassified instances, forcing subsequent
learners to focus on difficult data points.

» Working Principle of Boosting

1. Assign equal weights to all training instances.
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Train a weak learner on the weighted dataset.
Increase weights of misclassified instances.
Train the next learner on the updated dataset.

Repeat the process for a fixed number of iterations.

A

Combine predictions using a weighted sum.
» AdaBoost (Adaptive Boosting)

AdaBoost is the most common boosting algorithm.

¢ Each classifier is assigned a weight based on its accuracy.

¢ More accurate classifiers have higher influence in final prediction.

The final model is represented as:
k
H(z) =sign | Y aihi(z)
i=1

where @; is the weight of classifier ;.

» Other Boosting Algorithms
¢ Gradient Boosting
*  Optimiizes a loss funetion using gradient descent
¢ XGBoost
* Optimized gradient boosting
* Handles missing values and regularization
¢ LightGBM

» Faster training, low memory usage

Advantages of Boosting

¢ Reduces both bias and variance
¢ High prediction accuracy
¢ Works well with weak learners

¢ Effective on complex datasets
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Limitations of Boosting

¢

¢

¢

¢

Sensitive to noisy data and outliers
Computationally expensive
Difficult to interpret

Risk of overfitting if not tuned properly

Recap

¢

Classification is a supervised machine learning technique used to assign
discrete class labels to data instances based on training data.

The output of classification is categorical in nature, unlike regression which
produces continuous numerical values.

Classification problems are broadly categorized into bmary, multi-class, and
multi-label classification.

Classification techniques are widely used in healthcare, finance, education,
security, and e-commerce for automated de€ision makings

Bayesian methods are probabilisti¢ €lassification techniques based on Bayes’
Theorem.

The Naive Bayes classifier assumesneonditional independence among
features given the clasg label.

Gaussian, Multinomial,, and Bernoulli Naive Bayes are commonly used
variants for différént data types.

K-Nearest Neighber§ (KINN) is an instance-based learning algorithm that
classifies datayusing the majority class of its nearest neighbors.

KNN relies on gdistance metrics such as Euclidean, Manhattan, and
Minkowski distance to measure similarity.

Decision Trees are supervised learning models that represent decisions using
a tree-like structure.

Feature selection in Decision Trees is performed using measures such as
Information Gain and Gini Index.

Random Forest is an ensemble learning technique that combines predictions
from multiple decision trees.

Bootstrap sampling is used in ensemble methods to create multiple training
datasets from the original data.

Bagging is an ensemble technique that reduces variance by training models
independently on bootstrap samples.
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¢ Boosting improves classification accuracy by training models sequentially
and focusing on misclassified instances.

¢ Bagging and Boosting differ in training strategy, where Bagging uses parallel
training while Boosting uses sequential training.

Objective Type Questions

—

What type of machine learning does classification belong to?

Which type of output is produced by a classification model?

Identify the theorem used in Bayesian classification.

Name the Naive Bayes classifier suitable for continuous data.

Which Naive Bayes classifier is commonly used for textelassification?
Indicate the learning approach followed by the’ KNN algorithm.

Define what the value of K representsdn KINN.

What distance metric is most frequently used in KNN?

2 gL =& e B o R

Recognize the algorithm that uses a tree-like structure for classification.

[S—
=]

. Recall the feature selection measute used m the ID3 algorithm.

—
—_

. Which ensemble learning method combines multiple decision trees?

[S—
\S]

. Name the sampling technique used in Bagging.

—
[98)

. State the ensemblefechnigue that mainly reduces variance.

—
A

. Specify the ensemble learning method that trains models sequentially.

[a—
W

. Mention the boosting algorithm that adjusts weights of misclassified samples.

[S—
[©))

. Indicate the method that uses majority voting for final classification.

[S—
J

. What type of classification problem involves only two classes?

Answers to Objective Type Questions

1. Supervised
2. Categorical

3. Bayes
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10.
I1.
12.
13.
14.
15.
16.
17.

Gaussian
Multinomial
Lazy
Neighbors
Euclidean
DecisionTree
InformationGain
RandomForest
Bootstrap
Bagging
Boosting
AdaBoost
Ensemble

Binary

Assignments

Col e

9]

Define classifieation and explain it§ types.

What is the Naive Bagésclassifier? Mention its types.

State any two advantages and disadvantages of KNN.

List three applications of classification techniques in real-world scenarios.
Explain the working of the Decision Tree algorithm with an example.

Describe Random Forest as an ensemble learning method and explain its
advantages and limitations.

Discuss Bagging and Boosting techniques in detail with their working
principles and differences.

Explain K-Nearest Neighbors (KNN) algorithm, including distance metrics
and voting mechanism, with an illustrative example.
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Unit 4

Evaluation of Classification Models

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ understand the importance of evaluating classification models
¢ cxplain the terms TP, TN, FP, and FN used in classification

¢ apply the confusion matrix to calculate accuracy and tecall

¢ apply ROC curve concepts to find TPR and EPR values

¢ analyze different models using ROC curye.and AUC to cheose the best one
Prerequisites

Consider a medical diagnosi§ system designed'to detect a disease such as cancer.
Suppose the model predicts “No Disease” fornmost patients. On paper, it may show high
accuracy, but if it fails to correctly identify patients who actually have the disease, the
consequences can be lifesthreatening. Similarly, in email spam detection, a model that
incorrectly marks important emails'@s’spam can cause serious communication issues.
These real-world situation$ highlight that prediction alone is not enough; we must
carefully evaluate how a classification model behaves, what types of errors it makes,
and how reliable its decisions afe. This is why evaluation methods like confusion matrix,
ROC curve, and AUC are‘eritical before deploying any machine learning model.

To properly understand and use classification evaluation metrics, learners should have
some basic foundational knowledge. This includes an understanding of classification
problems (such as binary and multiclass classification), basic probability concepts, and
familiarity with terms like training data, testing data, and predictions. Learners should
also know simple mathematical concepts such as fractions and percentages, since
many evaluation metrics involve ratio-based calculations. Basic exposure to machine
learning models like Logistic Regression, Decision Trees, or Naive Bayes is helpful but
not mandatory.




Keywords

Confusion Matrix, True Positive, False Negative, ROC Curve, AUC, Classification
Evaluation

Discussion

3.4.1 Introduction

Classification model evaluation is an essential stage in machine learning. It ensures
that models are capable of making reliable predictions on unseen data. Without
evaluation, a model that performs well on training data might fail in real-world
scenarios. Evaluation provides insights into model accuracy, error types, and overall
effectiveness. This is particularly important in critical applications such as medical
diagnosis, spam detection, credit risk analysis, and fraud detection, where incorrect
predictions can have significant consequences. Machine learning models learn patterns
from historical data. However, the real measure of a model’susefulness is how well it
generalizes to new instances. Evaluating models systematically ensures that they are
trustworthy and ready for deployment.

Model evaluation serves multiple purposes:

¢ Detecting Overfitting and Underfitting : It identifies models that perform
well on training data but poorly on new data, or models that fail to capture
underlying patterns.

¢ Selecting the Best Model : By comparing multiple models, one can select
the model with the best performancg metrics.

¢ Understanding Errors : Evaluation reveals the types of errors a model
makes, enabling refinement of features, algorithms, or thresholds.

¢ Building Trust : Espetially in high-stakes applications, evaluation helps
stakeholders trustmodel predictions.

Classification evaluation metrics provide quantitative measures that describe the
performance of a classifier. Among the most widely used and conceptually important
evaluation tools are the Confusion Matrix, the Receiver Operating Characteristic (ROC)
Curve, and the Area Under the Curve (AUC). These tools allow a deep understanding
of both correct and incorrect predictions made by a model.

3.4.2 Confusion Matrix

A confusion matrix is a fundamental tool for assessing classification models. It
presents a tabular comparison between predicted and actual class labels, providing
detailed information on model performance beyond overall accuracy.
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3.4.2.1 Structure of Confusion Matrix

For a binary classification problem, the confusion matrix is a 2x2 table with:

¢ True Positive (TP) : Instances correctly predicted as positive.
¢ True Negative (TN) : Instances correctly predicted as negative.
¢ False Positive (FP) : Negative instances incorrectly predicted as positive.

¢ False Negative (FN) : Positive instances incorrectly predicted as negative.

3.4.2.2 Evaluation Metrics Derived from Confusion Matrix

The confusion matrix allows calculation of multiple evaluation metrics:

¢ Accuracy : Measures the overall proportion of correct predictions.
e Formula: (TP + TN) / Total instances
¢ Error Rate : Proportion of incorrect predictions.
* Formula: (FP + FN) / Total instances
¢ Precision : Indicates correctness of positive predictions.
* Formula: TP/ (TP + FP)
¢ Recall (Sensitivity) : Measures ability to detect actual positives.
* Formula: TP /(TP + FN)
¢ Specificity :Measures ability.te€orrectly identify negatives.
*  FormulaiTN / (TN + FP)

¢ F1-Score : Harmonicdmean of precision and recall, useful for imbalanced
datasets.

* Formula: 2 x (Precision x Recall) / (Precision + Recall)

While accuracy is easy to understand, it can be misleading for imbalanced datasets.
For example, if fraudulent transactions constitute only 2% of all transactions, a model
predicting all transactions as non-fraudulent achieves 98% accuracy but fails to detect
fraud. Therefore, metrics like precision, recall, and F1-score are often more informative.

3.4.3 Receiver Operating Characteristic (ROC) Curve

The Receiver Operating Characteristic (ROC) Curve is one of the most important
evaluation tools used for assessing the performance of binary classification models
in machine learning and statistics. Unlike simple metrics such as accuracy, the ROC
curve provides a threshold-independent evaluation of a classifier, making it especially
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useful when dealing with imbalanced datasets or applications where the cost of
misclassification varies.

ROC analysis originated in signal detection theory and was later adopted in machine
learning, medical diagnosis, credit scoring, and intrusion detection systems. It helps in
understanding how well a classifier distinguishes between positive and negative classes
across different decision thresholds.

3.4.3.1 Binary classification and decision thresholds

Most modern classification algorithms (such as Logistic Regression, Naive Bayes,
Neural Networks) output probability scores instead of direct class labels.

For example:
¢ Output = 0.85 — High chance of Positive class
¢ Output = 0.30 — Low chance of Positive class

To convert probabilities into class labels, a decision threshold is used:

¢ If probability > threshold — Predict Positive

¢ If probability < threshold — Predi¢t Negative

The commonly used threshold is 0.5, but this value i8 not always optimal. Changing
the threshold affects:

¢ Number of True Positives
¢ Number of False Positives

The ROC curve captures this behavior across all possible thresholds.

3.4.3.2 Confusion Matrix Foundation of ROC

The ROC curve is based on values derived from the confusion matrix:

Actual \ Predicted Positive Negative
Positive TP FN
Negative FP TN

From this matrix, two key metrics are calculated.

3.4.3.3 True Positive Rate (TPR)

The True Positive Rate (TPR), also called Recall or Sensitivity, measures the
proportion of actual positive instances that are correctly identified by the model.
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Formula
TPR =TP/ (TP + FN)
Interpretation
¢ TPR =1 — All positive instances are correctly identified
¢ TPR =0 — No positive instance is identified

High TPR is crucial in applications like:

¢ Medical diagnosis
¢ Fraud detection

¢ Spam detection

3.4.3.4 False Positive Rate (FPR)

The False Positive Rate (FPR) measures the propostion of negative instances that are
incorrectly classified as positive.

Formula
FPR = EP / (FP + TN)

Interpretation

¢ FPR =0 — No negatiye instanceis incorrectly classified
¢ Higher FPR — More false alarms

In domains like credit approval or'email filtering, high FPR can cause serious issues.
3.4.3.5 ROC Curve Construction

The ROC Curve is a plot'of:

¢ X-axis : False Positive Rate (FPR)
¢ Y-axis : True Positive Rate (TPR)

Each point on the ROC curve corresponds to a specific classification threshold.

3.4.3.6 Steps to Construct ROC Curve

1. Obtain predicted probability scores from the classifier
2. Sort thresholds from 1 to 0

3. Compute TPR and FPR for each threshold

4. Plot FPR on X-axis and TPR on Y-axis

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning



3.4.3.7 Example

Consider a dataset of 10 instances with predicted probabilities:

Instance Actual Class Predicted Probability
1 Positive 0.95

2 Positive 0.90

3 Positive 0.70

4 Positive 0.60

5 Negative 0.55

6 Negative 45

7 Negative 04

8 Negative .30

9 Negative 0.20

10 N2 0.10

otal Positives = 4, To

Threshold = 0.50

*

*

*

*

TPR =

TP=4

FP=1

FN=0

TN=5
4/(4+0)=10FPR=1/(1+5)=0.167

Threshold = 0.70

L

SREENARAYANAGURU.

TP=3
FP=0
FN=1
TN=6
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TPR=0.75 FPR=0.0
Plotting such (FPR, TPR) values for all thresholds gives the ROC curve.

3.4.3.8 Interpretation of ROC Curve Shape
Ideal Classifier

¢ Curve passes through the top-left corner (TPR = 1, FPR = 0)
Random Classifier
¢ Diagonal line from (0,0) to (1,1)

Poor Classifier

¢ Curve lies below the diagonal

The closer the ROC curve is to the top-left corner, the better the model.
3.4.3.9 ROC Curve and AUC Relationship

The ROC curve is often summarized using AUC (Area, Undetithe Curve).

¢ Larger area — Better discrimination
¢ AUC =1 — Perfect model

¢ AUC = 0.5 — Random guessing
3.4.3.10 Advantagespof ROC Curye

¢ Threshold-independent evaluation
¢ Useful for imbalanced datasets
¢ Allows comparison of multiple models

¢ Visual interpretation of model quality

3.4.3.11 Limitations of ROC Curve

¢ Does not consider class distribution explicitly
¢ Does not reflect real-world misclassification costs

¢ May be misleading when positive class is very rare

3.4.4 Area Under the Curve (AUC)

The Area Under the Curve (AUC) is a widely used evaluation metric for classification
models, particularly in binary classification problems. It is most commonly associated
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with the ROC (Receiver Operating Characteristic) Curve and provides a single numeric
value that summarizes the overall performance of a classifier across all possible decision
thresholds.

Unlike accuracy, which depends on a fixed threshold, AUC evaluates how well
a model can distinguish between positive and negative classes, making it especially
useful for imbalanced datasets and real-world decision-making systems.

3.4.4.1 Relationship Between ROC Curve and AUC

The ROC curve is a graphical representation that plots:

¢ True Positive Rate (TPR) on the Y-axis
¢ False Positive Rate (FPR) on the X-axis

The AUC represents the entire area under this ROC curve.

¢ ROC curve — Visual evaluation
¢ AUC — Numerical summary of ROC curve

Thus, AUC converts a curve into a single perfofiiance scote.

3.4.4.2 Range and Meaning of AUC Values

AUC Value Interpretation
1.0 Perfect classifier
09-1.0 Excellent discrimination
0.8-0.9 Good classifier
0.7-0.8 Fair classifier
0.6-0.7 Poor classifier
0.5 Random guessing
<05 Worse than random

Higher AUC indicates better model performance.
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3.4.4.3 Example

Consider a binary classification problem:

Instance Actual Class Predicted Probability
A Positive 0.95
B Positive 0.85
C Negative 0.75
D Negative 0.40
E Negative 0.20

The model assigns higher scores to most positive instances compared to negatives.

When ROC points are plotted using different thresholds and the area under the
resulting curve is calculated, suppose the areaequals 0.88.

This means:

¢ There is an 88% chance that the classifier ranks a randomly chosen positive
instance higher than a rafidomly chosen négative instance.

Graphical Interpretation

¢ A larger areadinder the ROC,ecurve means better separation
¢ A steep curyve toward the top-left indicates strong performance

¢ A diagonal ROC curvefesults in AUC = 0.5

Even when two models have similar accuracy, the model with higher AUC is usually
preferred.

3.4.4.4 Why AUC is important

¢ Threshold Independence AUC evaluates performance across all thresholds,
not just one arbitrary value.

¢ Robustness to Class Imbalance AUC is relatively insensitive to skewed
class distributions.

¢ Model Comparison AUC provides a convenient way to compare multiple
classifiers.
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3.4.4.5 Limitations of AUC

Despite its advantages, AUC has certain limitations:

¢ Does not consider real-world misclassification costs
¢ Two models with same AUC may behave differently at specific thresholds
¢ Less intuitive than accuracy for non-technical stakeholders

Thus, AUC should not be used alone.

Recap
¢ Model evaluation is essential to verify how well a classification model
performs on unseen (test) data, not just on training data.

¢ Proper evaluation helps ensure that models are reliableyrobust, and suitable
for real-world deployment.

¢ Evaluation plays a critical role in high-stakes‘applications such as medical
diagnosis, fraud detection, credit risk analysis, andispam filtering.

¢ One main purpose of evaluation As detecting overfitting and underfitting,
ensuring good generalization ability.

¢ Evaluation enables comparison of multiplé models so that the best-
performing model can be selecteds

¢ It helps in understanding the types of errors (false positives and false
negatives) madesby a classifier.

¢ The confusion matrixdsia fundamental tool that compares actual class labels
with predicted.elass labels.

¢ A binary confusion matrix consists of True Positive (TP), True Negative
(TN), False Positive (FP), and False Negative (FN).

¢ Several important metrics such as accuracy, error rate, precision, recall,
specificity, and F1-score are derived from the confusion matrix.

¢ Accuracy alone can be misleading, especially in imbalanced datasets, where
minority classes are underrepresented.

¢ The ROC (Receiver Operating Characteristic) Curve evaluates classifier
performance across all decision thresholds.

¢ The ROC curve plots False Positive Rate (FPR) on the X-axis and True
Positive Rate (TPR) on the Y-axis.

¢ The ROC curve visually shows the trade-off between detecting positives and
avoiding false alarms.
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The Area Under the Curve (AUC) provides a single numerical measure that
summarizes the ROC curve.

A higher AUC value indicates better class discrimination, while AUC = 0.5
represents random guessing.

For reliable evaluation, ROC-AUC should be used along with confusion-
matrix-based metrics, not in isolation.

Objective Type Questions

—

O L

—_— = = =
A WD = O

15.

. Define classification model evaluation.

Name the tool that compares actual and predicted class labels.
State the meaning of TP in a confusion matrix.

Identify the metric that measures overall cortectness of a‘classifier.
Mention the metric that shows accuracy of positive predictions.
Write another name for Recall.

Specify the rate plotted on the X-aXis of the ROC curve.

Indicate the rate plotted onsthe'Y-axis of the ROC curve.

Expand the term FPR,

. Point out the line that reépresents a rfandom classifier in the ROC curve.
. Give the full form of AUC.

. State what ansAUC value of 0.5 represents.

. Choose the evaluation‘metric suitable for imbalanced datasets.

. Define FN in a confusion matrix.

Name the evaluation curve that is independent of classification threshold.

Answers to Objective Type Questions

Col e

Performance assessment
Confusion matrix
True Positive

Accuracy
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Precision
Sensitivity
False Positive Rate

True Positive Rate

© 0 N W

False Positive Rate
10. Diagonal line

11. Area Under the Curve
12. Random classifier

13. AUC

14. False Negative

15. ROC curve

Assignments

—

. Explain the confusion matrix in detail with an example.
Describe the ROC curved@and its importance:

Discuss advantages and limitations of AUC.

What is False Positive Rate?

Define Trug PositivesRate.

What does the’AUC value of 0.5 indicate?

What is specificity?

Define a confusion matrix and explain its components.

2 g =& ey - oS R

Explain the ROC curve with a neat diagram.
10. What is AUC? Why is it preferred for imbalanced datasets?
11. Compare ROC curve and accuracy.

12. Explain real-world applications of classification evaluation metrics.
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Unit 1
Support Vector Machines

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ recall the basic idea of classification and the need for Support Vector
Machines

¢ identify the roles of hyperplanes, margins, and support vectors in SVM
¢ list the steps involved in linear and non-linear SVM classification

¢ define the kernel trick and its purpose in handling non-linear data

Prerequisites

Every intelligent system today faces the,same challenge: distinguishing one group
of data from another with accuracysafid confidence. Emails must be sorted into spam or
safe, transactions into genuine/r fraudulent, images into one class or another. Behind
these decisions lies the ability to draw the right boundary between different types of
data.

Some boundaries@re simple and straight; others twist, curve, or form complex shapes
that are not obvious at first'glanee. As data becomes more complicated, the need for a
reliable method to separate it becomes essential. A method that does not panic when the
data is messy, does not get confuised when points overlap, and does not depend on every
single data point—just the'most important ones.

Support Vector Machines (SVMs) meet this need perfectly. They do not settle for
any boundary; they search for the best one. They look for the safest gap between
classes, choose the most influential points, and even rise above the original space to find
clearer separation using the kernel trick. With SVM, tasks that once looked impossible
suddenly become solvable.

Learning SVM is not just about understanding another algorithm. It is about gaining
the ability to view data from a sharper, more confident perspective. You learn how
machines identify the strongest dividing line, how margins provide safety, and how
higher-dimensional thinking solves lower-dimensional problems.

With this chapter, you enter a space where mathematics meets intuition, where
boundaries are not only drawn but optimized. Welcome to the world of Support Vector
Machines. Let us begin exploring.

] -:... .-. "'.' .
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Keywords

Hyperplane, margin, decision boundary, hard margin, soft margin, margin maximization,
kernels, feature mapping

Discussion

Let us start with a simple thought. Suppose someone hands you a sheet of paper
filled with points where some are marked in red and others in blue. The task is to
separate these two groups with a straight line. Most learners may quickly sketch a line
that cleanly divides the two colours. Now imagine receiving another paper where the
red and blue points are mixed in a complicated pattern, perhaps even forming rings
around each other. Will a straight line still work? Obviously not. It naturally prompts
the thought, “This needs a curve!”

This simple scenario is where Support Vector Machines come into the picture. SVM
is a powerful machine learning algorithm that aims to find the,best possible boundary
between different classes. When the boundary is straight, it 1S ealled a linear SVM.
When the boundary curves or twists based on the data, it is called a non-linear SVM,
and kernels help achieve these curved boundaries.

This unit focuses on what makes an SVM special, how 1t 1dentifies the best dividing
line, what hyperplanes and margins represent, and how kernels magically convert
messy data into something separable. Learners are encouraged to stay alert, question
each step, and visualise every conception a simple sheét of paper. This approach makes
the topic both enjoyable and deéply memeorable:

4.1.1 Understanding the idea of Classification and the need
for SVM

Before we go further info the topic, recall that classification means placing data into
groups. Algorithms like logistic'regression or decision trees do this in different ways.
But SVM asks a very interestifig question:

“Out of all possible ways to separate the classes, which one is the best?”
Not just any line...

Not just a line that barely separates them...

But the one that gives the maximum gap between two classes.

Why this obsession with the best boundary? Because a wider gap means the model
is more confident and more robust to new data. If data points shift a little, the model
still makes a correct decision. That is why SVMs are respected for their high accuracy
and stability.

When we say “best separating line,” SVMs call it a maximum-margin hyperplane.
The idea of margin and hyperplane is central to understanding SVM. So let us break
them one by one.
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In simple terms, SVM does not settle for a boundary that merely works. It searches
for the boundary that works best under all circumstances. This focus on maximizing
the margin ensures that the classifier is not only accurate on the current data but also
resilient when new or slightly altered data appears. Such resilience is critical in real-
world applications where data is rarely perfect.

With this understanding, the idea of a “best separating line” becomes clearer. It is
not just about drawing a line or curve. It is about choosing a boundary that provides
the greatest safety cushion between classes. This special boundary is known as the
maximum-margin hyperplane. To appreciate how SVM constructs this hyperplane, it
becomes essential to understand the concepts of margin and hyperplane more deeply,
which we now explore step by step.

4.1.2 What is a Hyperplane?

Consider the 2D case first. When you draw a straight line to separate data, that line is
a hyperplane in two dimensions. If we move to 3D, the hypérplane becomes a flat sheet
(a plane) that divides space. If we move to higher dimensions sueh as four, five, or even
hundreds of features, the hyperplane becomes a general mathematieal surface that still
divides data into regions.

So a hyperplane is nothing but a decision boundary.
A typical hyperplane equation looks like:
WiX1 + WaXad ... £ WnXn + b =0

This is the dividing boundaty. The sigf of the left-hand expression decides whether
a point belongs to Class 1 or Class 2.4n simpler words, the hyperplane tells the SVM
where one class ends and the other begins.

Fig. 4.1.1 Hyperplanes in 2-dimensional and 3-dimensional spaces

4.1.2.1 What makes one hyperplane better than another?

Imagine drawing many possible lines separating the two classes on paper. All these
lines do the job, but some may be very close to the data points, while others may pass
right between them with plenty of space.
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Ifalinesitstoo closetothe data, evenasmall disturbance might cause misclassification.
But if a line travels through the center of the empty space, giving equal distance from
points of both classes, it is far more reliable. This equal empty space on both sides is
called the margin.

4.1.2.2 Understanding Margin: The “Safety Zone” of SVM

Margin is the distance between the hyperplane and the closest data points. These
closest data points are very important. They sit right on the edge of the boundary’s safe
zone. They are called support vectors.

So support vectors define the margin.

A wider margin means the classifier has a greater safety buffer. SVM tries to maximize
this margin. That is why the method is known as a maximum-margin classifier.

Think of the margin like this:

If you are driving on a road with a narrow lane, you are mere likely to hit the side
if you drift a little. But if the lane is wider, you feel safer even ifiyou move slightly to
the left or right. Similarly, SVM chooses the boundary that gives the largest possible
safety lane.

Fig. 4.1.2 Optimal hyperplane and maximum margin

4.1.3 Soft Margin vs Hard Margin SVM

In real data, perfect separation is rare. There may be outliers or overlapping cases.
So SVM introduces two ideas.

A hard margin insists that every point must be perfectly classified with no mistakes.
This is possible only when the data is clean and well-separated. Even a single outlier
ruins hard margin SVM.

A soft margin allows some misclassification. It accepts that data is noisy. A penalty
variable controls how much error is allowed. The classifier balances between maximizing
the margin and minimizing error. Soft margin SVM is used almost everywhere in
practical machine learning.
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4.1.4 What are Support Vectors?

If you take away all data points except the ones lying closest to the boundary, SVM
would still give exactly the same hyperplane. These close points “support” the position
of the boundary. So these are the support vectors.

Even if you remove other points farther away, SVM doesn’t change its decision.
That is why SVM is efficient. It does not depend on the full dataset for decision bound-
aries, only on critical points near the edge.

Support vectors are the heroes of SVM. They decide how the boundary is drawn. Fig
4.1.3 shows the support vectors in SVM.

Fa
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Fig. 493 Support vectors

4.1.5 SupportNector Machine (SVM)

A Support Vector Ma€hine is'a machine learning technique that tries to find the best
possible boundary that divides data into classes. Many algorithms can draw boundaries,
but SVM tries to draw thesmost reliable and confident one. Instead of just separating
the groups, it looks for the boundary that stays as far away as possible from the nearest
points of both groups.

4.1.5.1 Linear SVM

Let us begin with the simple case. If the data is arranged in such a way that a straight
line (or hyperplane) can easily separate it, SVM draws the best line that creates the
maximum margin.

The steps of thinking are simple:

1. Analyze the data
2. Identify the best boundary

3. Maximize the margin
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4. Use support vectors to lock the boundary in place

5. Classify new points using the hyperplane equation

In a linear SVM, everything is clean and intuitive. But the real world is rarely so
cooperative.

Imagine a situation where your data looks like a doughnut. One class is sitting right
at the center like a solid circle, and the other class forms a ring around it. No matter how
you draw a straight line, you can never cleanly separate the inner points from the outer
ones. Even if you try dozens of lines, shifting or rotating them, nothing works.

Does that mean SVM fails completely?

Not at all.

This is where SVM uses one of the most elegant ideas in machine learning: the
kernel trick.

To understand the algorithm fully, let us walk through the steps ene by one.
Step 1: Representing the data in a feature space

Every data point is represented as a point in'Spaee. For example, with two features,
each point becomes a dot in a 2D plane; with three features, a dot in 3D, and so on. See
Fig. 4.1.4

The algorithm views the dataset as.a.cloud of points.

Feature 2
Feature 2

Se .
L

Feature 1

Fig. 4.1.4 Visualization of Data Points in Feature Space (2D and 3D)
Step 2: Finding a boundary that separates the classes

The first task is to check whether a line (or hyperplane) can separate the classes.
Several boundaries may work, but SVM searches for the best one, not just any separating

line, but the one that provides the strongest separation. This leads to the concept of a
maximum-margin hyperplane.
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Step 3: Identifying the support vectors

As the algorithm evaluates the dataset, it looks for the points that lie closest to the
boundary. These are the most important points, called support vectors, because they
determine exactly where the boundary should be placed. Even if all other points
disappeared, the support vectors alone would keep the same boundary intact.

E

. MAXIMUM MARGIN

Class A @ J

. o
'.l ,i e SUPPORT VECTOR

Feature 2
@
‘-"\

2 SUPPORT VECTOR
3 - MACHINE HYPERPLANE
S ¢ Clags B
¢ . A WY

Feature 1
Fig. 4.1.5 Visualizing the Maximum-Margin Hyperplane in SVM
Step 4: Maximizing the margin
Now comes the heart of the SWM algorithm==matrgin maximization.

SVM aims to make the margin (thé distance between the support vectors and the
boundary) as large as possible: This leads to/the objective function used during training:

Objective Function = (1 / margim)=A > penalty

This equation expressesithe tradeoff SVM tries to balance:

¢ The term (1 / matgin) encourages a large margin, because a larger margin
makes the value smaller.

¢ The term A ) penalty controls how much misclassification is allowed (A is a
tuning parameter).

So the algorithm tries to minimize this objective function. Minimizing it automatically
leads to maximizing the margin while keeping errors within acceptable limits. This is
why SVM models are both confident and stable when predicting new data.

Step 5: Handling noisy or imperfect data

Real-world data is rarely perfect. Some points lie very close to the boundary or
even on the wrong side. To handle this, SVM uses soft margins. The objective function
shown earlier plays an important role here:

Objective Function = (1 / margin) + A ) penalty
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Here:

¢ The penalty term measures how much each misclassified point “violates”
the margin.

¢ The parameter A controls how strictly the boundary should fit the data.
* Ahigh A — fewer errors allowed
* Alow A — more flexibility

Thus the objective function helps SVM balance two goals: maximizing margin and
minimizing mistakes.

HANDLING NOISY DATA WITH SOFT MARGIN SVM

Scenario 1z High A (STRICT, 'HARD' MARGIN) Scenarip 2: Low A (FLEXIBLE, 'SOFT' MARGIN)
T Obiectine Fanction = ()« 03 Paralty Obiective Mistion = {gaieia) + A 3 Punalty
r-r ri | N # o
| ClassA g W | L
Low A allows more |2 .l - :
™ : data violetions__ ..' £
E oome  leschia@P Q| Sl 7 MOE R
B wider margin & i -
el 1] l.; " (Soft Margin) l_ : .ff}
NARFOW MARSIM, - .
FaLloweD R Qe .
1 Class !-I — = 4 Class B
2 | | r |
High & Focus: Minamize Renally £ hd E LS L
Featura 1 Feature 1

Fig. 4:1.6 Handling n01sy data with Soft margin
Step 6: Handling Non-linear Data using the Kernel Trick

If the data cannot be separated by a straight line like a ring or spiral shape, SVM uses
kernels. Look at a curvedsling on a piece of paper. If you cannot straighten it in 2D, lift
it into 3D space. Once you lift it, suddenly the curve might become straight. Similarly,
data that is not linearly separable in its original space might become separable when
transformed into a higher-dimensional space. This transformation is called feature
mapping.

Instead of trying to draw a curved boundary in the original space, we lift the data
into a higher dimension where a straight boundary is enough. But doing the complete
mathematical transformation for every data point is expensive. It makes the algorithm
slow and sometimes impossible to compute. To grasp the kernel trick, let’s use a simple
thought experiment. You have two circles, one inside another. In 2D, you cannot draw
a straight line to separate them. That means /inear SVM cannot help you here. Instead
of struggling in 2D, imagine lifting the data into 3D.
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Let’s say we add a new dimension:
Z=x*+ty’
Now, think what happens:
¢ The inner circle (small radius) becomes a set of low z-values

¢ The outer ring (large radius) becomes high z-values

In the 3D space, they sit at different heights.

Now a simple flat plane,which is a linear separator in 3D, can separate them per-
fectly. The kernel trick allows us to draw a straight line in a higher-dimensional space
without ever going there.

A kernel is just a function.

Instead of computing the actual coordinates in the higher dimension, it
directly computes:

K(x, x)=0(x)-(x)
Here:
¢ = the imaginary high-dimensional mapping
K = kernel function

We never compute ¢p(x)—-the kernel handles everything.

In this transformed space, the'same.ebjective function is optimized, But the margin
is now computed using kernelspwhich means the boundary is no longer a straight line.
It can curve smoothlysto follow the pattern of the data.

i
L ] [ ]
]
’ fealure
map
[ ]
L 3
- ® /,-"
~  soparating
hyperplans
complex in oW dimensions simple in higher dimensions

Fig. 4.1.7 Kernel method
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Step 7: Final Decision Function

Once the best hyperplane is found (by minimizing the objective function), SVM
constructs a decision function. This function checks whether a new point lies on one
side of the boundary or the other.

One side — Class A
Other side — Class B
This is how the algorithm performs classification.

SVMisanalgorithmthatfindsthebestpossibleboundarybetweenclassesbymaximizing
the margin and minimizing errors, using the objective function (1 /margin) + A )’ penalty,
and uses kernels to handle complex non-linear patterns.

4.1.6 Types of Kernels used in Non-linear SVM

Several kernels are used, each with its own strengths. One popular kernel is the
Polynomial Kernel. If you have data that requires curved boundaries of polynomial
shape, this kernel does the job. It allows the modél to consider interactions between
features. For example, rather than just xi, it can consider X, or XXz, creating flexibility.

Another widely used kernel is the RBE, or RadialyBasis“Function kernel. This is
extremely powerful because it creates a/boundary that depends on distance. If data
forms circular, elliptical, or irregular clusters, the RBF kernel handles them nicely.
When you hear about SVM for complex image dataOr sensor patterns, it is often the
RBF kernel working behind thefscenes. There are other kernels too, but these two cover
most practical applications.

4.1.7 SVM in Real*world Applications

Let us visit some real seenarios. Consider email spam detection. Emails either belong
to “spam” or “not spam.” The content of an email can be represented as features such as
the frequency of certain wordsj length of the message, or presence of suspicious links.
SVM works well here because the boundary between spam and normal mails might not
be linear. With RBF or polynomial kernels, the model creates a flexible boundary.

In medical diagnosis, SVM is used to classify a tumour as benign or malignant.
The patterns in medical data are often non-linear, and kernel-based SVMs help detect
hidden relationships.

In handwriting recognition, the curves and shapes of digits vary from person to
person. Kernel SVM is known to handle such patterns gracefully.

For these reasons, SVM remains a widely respected algorithm even in the era of
deep learning.
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Try to imagine a two-class dataset. Choose 10 points in your mind : five
belonging to one class and five to another. Now picture them arranged in a
shape that cannot be separated by a straight line. Visualise the curved boundary
that might separate them.

Now think of lifting the entire picture into 3D space. Does the relationship
change? Can you now draw a plane? That is exactly what SVM kernels do
behind the screen. This mental exercise helps you internalise the workings of
SVM.

Recap
¢ SVM separates data by finding the best possible boundary, not just any
boundary.
¢ A hyperplane is the decision boundary used to divide classes.

¢ The margin is the safety gap between the hyperplane and the closest data
points.

¢ Support vectors are the closest points that define the margin and influence
the boundary.

¢ Linear SVM works only when the datais linearly separable.

¢ Real-world data oftenmeeds soft margins to allow small errors.

¢ Non-linear pattesns, require kernel functions to create curved boundaries.

¢ Thekernel trick lifts datainto higher dimensions without explicit computation.
¢ Common kernels include Polynomial and RBF (Radial Basis Function).

¢ The objective funetion balances maximum margin and minimum error.

¢ SVMisvalued foritsaccuracy, stability, and robustness in noisy environments.

¢ SVM works well in applications like spam detection, medical diagnosis, and
handwriting recognition.

Objective Type Questions

1. The boundary that separates two classes in SVM is called a
2. The points that lie closest to the boundary are known as

3. The gap between the hyperplane and the nearest points is called
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4. The method used to handle non-linear data is the trick.

5. Apopular kernel used for circular or irregular patterns is the kernel.

6. The parameter that controls allowable errors in soft margin SVM is

7. When the data is perfectly separable, SVM uses a margin.

8. The mathematical mapping to higher dimensions is represented by the
symbol .

9. The boundary in higher dimensions optimized by SVM is called the
maximum- hyperplane.

10. The function SVM minimizes during training is the function.

Answers to Objective Type Questions

—

Hyperplane
Support vectors
Margin

Kernel

RBF

A

Hard

¢
Margin

2 g = ey - o R

10. Objective
Assignments

1. Explain the concept of margin and support vectors in SVM. Why are they
crucial for determining the optimal hyperplane?

2. Describe the difference between linear SVM and non-linear SVM. How do
kernels help SVM handle complex data patterns?

3. Discuss the objective function of SVM. Explain how the two components—
margin and penalty—work together to achieve an effective classifier.
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4. Consider a dataset that contains two circular classes—one inside the other.
Why does linear SVM fail here, and how does the kernel trick transform this
problem into a linearly separable one? Provide a clear explanation.

5. You are given a dataset with noisy and overlapping points. How would
changing the value of A in the SVM objective function affect the classifier’s
performance? Analyse the impact of very high and very low A values.
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Unit 2
Probability Based Methods

Learning Outcomes

After completion of this unit, the learner will be able to:

¢ define the basic idea of probability-based classification and its purpose in
machine learning

¢ identify the role of the sigmoid function and the typés, of logistic regression

¢ describe the concept of Bayes’ theorem and how it suppotts the Naive Bayes
classifier

¢ recognize the key differences between Legistic Regression@and Naive Bayes
in simple terms

Prerequisites

Think about the decisionsfyou make every day—whether to carry an umbrella,
whether a message is important, or whether a student might pass an exam. None of
these decisions come with perfect certainty. Instead, your mind quietly weighs clues:
dark clouds in the sky, the tone of'aimessage, the student’s attendance and performance.
You may not realize it, buteyothare constantly estimating probabilities. Now imagine
building a computer system that has to make similar judgments.

Shoulditflaganemail asspam? Shoulditpredict whethera customer will buy aproduct?
Should it guess whether a patient is at risk based on symptoms?

The computer cannot “feel” or “guess” like we do. It needs a mathematical way to
handle uncertainty. This is where probability-based machine learning models step in—
they provide a structured, reliable method for making decisions when the world refuses
to be black and white.

Before long, you will notice something interesting: even when life is messy, uncertain,
and unpredictable, models like Logistic Regression and Naive Bayes help us see patterns
clearly. They convert scattered bits of information into meaningful probabilities.
They allow us to answer the question that lies at the heart of many real problems:

“Given what I know, how likely is it that this belongs to this class?”

This simple question is the engine behind email filters, medical diagnosis tools,
recommendation systems, and countless decisions made by intelligent machines.

.-p,e! .L




You are about to explore two of the most widely used probability-based methods in
machine learning. One focuses on drawing the best boundary between classes, and the
other focuses on understanding how classes produce data. Both are powerful. Both are
elegant. And both will help you appreciate how uncertainty becomes predictable when
seen through the right mathematical lens.

Keywords

Logistics regression, sigmoid function, binary, multinomial, ordinal, Naive Bayes
classifier

Discussion

Whenever we deal with the real world, we rarely get answers that are simply “yes”
or “no” based on perfect rules. Instead, many decisions are made under uncertainty.
For example, will a customer buy a product? Will an email be spam? Will a patient
recover from a disease? These decisions involve probabilities or likelihoods, not fixed
truths. Machine learning has a special category of methods that,depend directly on
probability theory, and in this unit we explore two of'the most significant techniques in
this category: Logistic Regression and Naive Bayes Classifier.

Before we dive deeper, keep one thing ifi mind: bothythese algorithms try to answer
the same fundamental question—what is the probability that a given instance belongs
to a particular class? Once we estimate that probability, classification becomes easy:
choose the class with the highest pfobability:

4.2.1 Why Probability in M@achihe Learning?

The idea of probability is essential bécause the world is rarely black-and-white.
Suppose you take @& student’s_marks, attendance, and assignment scores and try to
predict whether the student will pass or fail. No single factor determines the outcome.
Instead, each factor contributes some likelihood. Probability-based methods capture
this uncertainty beautifully.

Now imagine asking the class: “If a student attends 75% of the classes, scores about
averageinquizzes,andsubmitsassignmentsregularly, whatistheprobabilitythatthestudent
passes?” Youmightsay somethinglike, “Thatstudentis/ikely to pass, maybe 85% chance.”

This blending of many uncertain factors into a single probability is exactly what
probability-based algorithms do.

4.2.2 Introducing Logistic Regression

The name “Logistic Regression” often confuses beginners because it contains
the word “regression.” But in reality, logistic regression performs classification, not
regression. Its main purpose is to predict the probability of belonging to a class—
usually two classes, such as yes/no, win/lose, pass/fail, spam/not spam.

To understand logistic regression, imagine the teacher asking: “Can we use a straight
line to decide whether a person buys a product?” At first, you might think of simple
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regression lines, but there is a problem—regression can give values outside the range
0 to 1. But probabilities must lie between 0 and 1, never less, never more. Logistic
regression solves this using something called the sigmoid function, which takes any
number and compresses it into a probability between 0 and 1.

4.2.2.1 The Sigmoid Function

When we talk about logistic regression, the sigmoid function is at the heart of how it
works. Think of the sigmoid curve as a special tool that converts any number whether
small, big, positive, or negative into a value between 0 and 1. This range makes it
perfect for representing probabilities.

Let’s imagine you are sitting in class.

The teacher slowly draws a curve on the board:

¢ On the left side, the curve almost touches 0.
¢ In the middle, it rises smoothly like a gentle hill.
¢ On the right side, it slowly approaches 1.

The entire shape looks like an S that has been stretehed sidewayss

Fig. 4.2.1 The Sigmoid Curve
Why is this curve useful?

Logistic regression needs a way to convert any input, even something like —10, 0.2,
or +5, into a form that represents “how likely is it that the output belongs to class 1?”
A probability must lie between 0 and 1, and the sigmoid function ensures exactly that.

Logistic regression first computes a linear combination of the inputs:
Wo + WiX1 + WXz + ... + WnXn

This part behaves just like linear regression.But a straight-line output cannot
represent probabilities. It can shoot up to very large numbers or drop down to very
negative numbers which is not suitable for classification. So, logistic regression takes
this linear result and feeds it into the sigmoid function.
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The sigmoid then compresses the value into a probability. The probability predicted
by logistic regression is:

P(class = 1 | inputs) = sigmoid(wo + WiXi + WaX2 + ... + WnXp)

Once we get the probability from the sigmoid:

¢ [If the probability is greater than 0.5, logistic regression predicts class 1
¢ If the probability is less than or equal to 0.5, it predicts class 0

This decision boundary at 0.5 comes naturally from the symmetry of the sigmoid —
the midpoint of the S-curve.

4.2.2.2 Types of Logistics Regression

Now that we have understood what logistic regression does, let us look at its different
types. Logistic regression isn’t just for yes/no decisions. Depending on the kind of
output we want to predict, it can behave in different ways.

So let us walk through the three main types.

1. Binary Logistic Regression

Suppose a simple question: Will a /student pass or fail the exam? Only two
possibilities, right?”

That is exactly where binary logistie regression comes in. Here, the outcome has just
two classes:

¢ Oorl
¢ Yes ordNo
¢ True or False

The model learns to prediet the probability of belonging to one of these two classes
using the sigmoid function.

“If the probability is above 0.5, we say the student will pass. If it is below 0.5, we
say fail. Simple!”

2. Multinomial Logistic Regression
“Now imagine a different question: Which type of mobile phone do you use —
Android, iPhone, or something else?”’

Here we have more than two categories, and importantly, there is no order among them.
Android is not ‘greater than’ iPhone, and iPhone is not ‘less than’ another brand. They
are just different classes. This is where multinomial logistic regression helps.

It uses the softmax function, which does something very clever: It calculates
the probability for each class. And makes sure all probabilities add up to 1
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So the model might say: 0.60 for Android, 0.30 for iPhone, 0.10 for Others. We pick the
class with the highest probability.

3. Ordinal Logistic Regression

Now let’s think about another example. Suppose you are asked to rate today’s class:
Poor, Average, Good, Very Good, Excellent.”

Here, the categories are more than two, but they have an order.
‘Excellent’ is better than ‘Good’, and ‘Good’ is better than ‘Average’.

See the difference? These categories are arranged in a meaningful order. That’s why
we use ordinal logistic regression.”

This type models the cumulative probability that an observation falls at or below a
certain category.

Example:

¢ Probability of rating < Average
¢ Probability of rating < Good
¢ Probability of rating < Excellent

This allows the model to respect the natural ordering in'the data.

4.2.2.3 How the Model Learns

Logistic regression learns using anethod called maximum likelihood estimation.
The idea is simple: choose the weights that make the observed data most probable. If
the model predicts thé wrong classy the likelihood drops, and the algorithm adjusts the
weights to increase the probability for future predictions.

The cost functionased is called log loss, which punishes confident wrong predictions
heavily. The algorithm triesto find the set of parameters that minimizes this loss.
Gradient descent is used to reduce the loss step-by-step, improving prediction accuracy
slowly and steadily.

4.2.3 Transitioning to Bayes: A Probability Foundation

To understand the Naive Bayes classifier, we must recall a fundamental concept from
probability—Bayes’ theorem. This theorem helps us reverse conditional probabilities.
For example: “What is the probability that an email is spam if it contains the word ‘free’?”

Bayes’ theorem allows us to calculate this by combining two types of information:

¢ how frequently spam emails contain the word “free”, and
¢ how frequently normal emails contain the same word.

Bayes’ theorem becomes the backbone of the Naive Bayes algorithm.
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“Suppose a student rarely asks doubts, but one day raises a hand. What is the
probability that the student truly needs help? We combine prior knowledge about the
student with the new evidence (hand raised).”

Bayes’ theorem is:
Posterior Probability = (Likelihood X Prior) / Evidence
This formula basically says:

Start with what you already know (prior). See how well the new data fits the class
(likelihood). Normalize it by total probability (evidence).

4.2.4 Naive Bayes Classifier

Naive Bayes is a simple yet powerful classifier that applies Bayes’ theorem with one
strong assumption: All features are conditionally independent given the class.

This independence assumption may sound unrealistic Singce real-world variables
are often related. But surprisingly, Naive Bayes works extremelyywell even when this
assumption is not fully true.

4.2.4.1 How Naive Bayes Works

Naive Bayes calculates the probability of each class‘using Bayes’ theorem and picks
the class with the highest probability. Foreach feature, the algorithm calculates:

¢ probability of feature value given class
¢ probability of class
Then it multiplies all pfobabilities,and compares them.

When we use Naive Bay@s, our goal is very straightforward: We want to find which
class has the highest pfobability for a given record.

For example,
“Is this email Spam or Not Spam?”

To decide that, Naive Bayes uses Bayes’ theorem, which allows us to reverse
probabilities and answer: Given the features, what is the probability that the email
belongs to a particular class?

For every feature, Naive Bayes calculates two things:

i. Probability of the feature given the class
Example:

P(contains ‘free’ | Spam)
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This means:

“How likely is a spam email to contain the word ‘free’?”
ii. Probability of the class itself
Example:

P(Spam) = percentage of spam emails in your training data.
If the email were actually spam, how likely is it to have all these features?”

So, if our email has features like:

¢ contains the word “free”

¢ contains “discount”

¢ hasalink

Then Naive Bayes multiplies:

P(contains free | Spam) x
P(contains discount | Spam) x
P(has link | Spam) x
P(Spam)

This product gives us the @verall probability“that the email is spam. The same
calculation is done for Not Spam. Finally, the algorithm compares the two numbers:

Whichever class has.the higher probability, that becomes the prediction.
4.2.4.2 Examplé Problems: Naive Bayes Classifier

We want to classify whether a student will Pass or Fail a test based on two features:
Study Hours: High'or Low
Attendance: Good or Poor

Training dataset (6 records):

Table 4.2.1 Student Data

Study Hours Attendance Result

High Good Pass
High Poor Pass
Low Good Pass
Low Poor Fail
Low Poor Fail
High Poor Fail
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Goal:
Use Naive Bayes to classify the following new student:

X = (Low Study Hours, Good Attendance) represent the features of the new student
to be classified.

Will the student Pass or Fail?
Step 1: Compute Class Probabilities

Count from the dataset:

¢ Pass = 3 students

¢ Fail = 3 students

So,
3
P(Pass) = P 0.5
. 3
P(Fail) = i 0.5

Step 2: Compute Conditional Probabilitiés

i. Feature: Study Hours

Study Hours | Passy| Fail

High 3 | 13
Low 1/3 2/3
1
P(Low | Pass) = 3
_ 2
P(Low | Fail) = 3

ii. Feature: Attendance

Attendance | Pass | Fail
Good 2/3 0/3
Poor 1/3 3/3
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Thus:

P(Good | Pass) — %

[

0
P(Good | Fail) = 3= 0

L

Step 3: Apply Naive Bayes Formula

We want:
P(Pass | X) o< P(Pass) - P(Low | Pass) - P(Good | Pass)

P(Fail | X) x P(Fail) - P(Low | Fail) - P(Good | Fail)
Calculate for Pass

P(Puss|X)ocU.5><%x§

= 0.5 x g_— ~ 0.111

1
9
Calculate for Fail

P(Pass | X) = 0.111

BB | X) =0

The higher probability'is for Pass.
Therefore, Final Prediction: The student will Pass
4.2.4.3 Types of Naive Bayes Classifiers

There are several variations of Naive Bayes depending on the type of data:

¢ Gaussian Naive Bayes : used for continuous numerical data.

¢ Multinomial Naive Bayes : often used for text classification, counts of
words.

¢ Bernoulli Naive Bayes : used for binary features (word present/not present).

When we talk about Gaussian Naive Bayes, we are dealing with continuous numerical
data values like height, marks, temperature, or speed. In real life, such data often follows
a bell-shaped distribution, called the Gaussian (normal) distribution. Gaussian Naive
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Bayes assumes that for each class, the features are normally distributed. So, if you want
to classify students based on continuous features such as “study hours” or “attendance
percentage,” Gaussian Naive Bayes is usually the right choice.

Multinomial Naive Bayes, on the other hand, is designed for data that comes in
the form of counts. A very common example is text classification, where we count
how many times each word appears in an email or document. This algorithm works
extremely well for spam detection, topic classification, and sentiment analysis. It
calculates the probability of each word appearing in each class and uses those counts to
predict the most likely class for a new piece of text.

Bernoulli Naive Bayes is similar to the multinomial version but works with binary
features. That is, features that can only be 0 or 1. Instead of counting how many times a
word appears, we only check whether the word is present or absent. This is helpful when
the presence of a specific word is more meaningful than its frequency. For example,
detecting whether an email contains certain important keywords (like “free,” “win,”
“urgent”) can be more important than how many times they@ppear. So Bernoulli Naive

Bayes is a good choice for such yes/no type feature scenarios:

4.2.4.4 Comparison: Logistic Regression v§ Naive Bayes

Logistic regression is discriminative, which®means itytries£o directly learn the
boundary between classes. Naive Bayes is' generative,swhich means it tries to model
how each class generates the data.

Logistic regression tries to.gseparate, classes by learning a boundary.
Naive Bayes tries to compute pfobability distribuifions and then decides which class is
more probable.

In situations with simple linear boundarigs, logistic regression can perform very well.
In high-dimensionaldext data, Naive Bayes often performs better and faster.

Both methods aterooted in probability theory, yet they take very different approaches
to classification. Logistic regression asks, “Where is the best boundary?” while Naive
Bayes asks, “Which class most likely produced this data?”

Recap

Logistic Regression

¢ Logistic regression predicts the probability of belonging to a class.

¢ It uses the sigmoid function to convert any value into a probability between
0 and 1.

¢ [t is mainly used for binary classification, but also supports multinomial and
ordinal cases.

¢ Decision boundary is formed at probability 0.5 for binary classification.
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¢ Uses maximum likelihood estimation to learn weights.
¢ Log loss is the cost function used.
¢ Gradient descent helps adjust weights during learning.

¢ Works well for linearly separable data.

Types of Logistic Regression

¢ Binary logistic regression — two classes (0/1).
¢ Multinomial logistic regression — more than two classes, no order.
¢ Ordinal logistic regression — more than two classes, with order.

Bayes’ Theorem

¢ Bayes’ theorem reverses conditional probabilities.
¢ Posterior = (Likelihood x Prior) / Evidence.
¢ Helps update belief when new evidence appears:

Naive Bayes Classifier

¢ Based onBayes’ theorem with a strong conditional independence assumption.
¢ Works surprisingly well evemwhen mdependefice is not fully true.

¢ Calculates probabilities for eachs€lass and selects the one with the highest.
¢ Often used in text classification and/spam filtering.

¢ Very fast and'efficient for high=dimensional data.

Types of Naive Bayes

¢ Gaussian NB — contifituous numerical features.
¢ Multinomial NB — word counts, text classification.
¢ Bernoulli NB — binary features (yes/no, present/not).

Logistic Regression vs Naive Bayes

¢ Logistic Regression — discriminative model (learns boundary directly).
¢ Naive Bayes — generative model (models distributions of each class).
¢ Logistic Regression — good for clear decision boundaries.

¢ Naive Bayes — good for text and high-dimensional data.

¢ Logistic Regression learns from errors; Naive Bayes calculates probabilities
directly.
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Objective Type Questions

L N o ¥ = N

Logistic regression converts inputs into probability using which function?
Which type of logistic regression is used for ordered categories?

Bayes’ theorem calculates which type of probability?

Which Naive Bayes variant is good for text data?

Logistic regression uses which loss function?

Naive Bayes assumes features are independent.

Which algorithm is generative: Logistic Regression or Naive Bayes?

Which algorithm uses the softmax function?

Answers to Objective Type Questions

L XN e & o= W N

Sigmoid
Ordinal
Posterior
Multinomial
Log loss
Conditionally
Naive Baye$

Multinomial'logistic regression

Assignments

. Explain how the sigmoid function helps logistic regression perform

classification.

Describe the main differences between Binary, Multinomial, and Ordinal
Logistic Regression.

. Using a simple example, explain how Naive Bayes uses Bayes’ theorem to

classify new data.

Suppose an email contains the words “free,” “offer,” and “win.” Using
Naive Bayes logic, explain how the final classification (spam/not spam)
would be computed.

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning



5. A logistic regression model predicts a probability of 0.78 for class
1. Analyze what this means and how the model will classify the
observation.
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Unit 3
Linear Discriminant Analysis (LDA)

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ apply Linear Discriminant Analysis (LDA) to reduce the dimensionality of a
given dataset while preserving class separability

¢ use LDA assumptions to analyze a dataset and decide whether LDA is
suitable for a classification problem

¢ implement LDA using Python libraries te ‘transform data and improve
classification performance

¢ apply LDA-transformed features avith a machine l€arning classifier to
compare decision boundaries befote and after dimensionality reduction

Prerequisites

Linear Discriminant Analysis (LDA) is essential to study because many real-world
problems involve handling high-dimensional data while accurately distinguishing
between different glasses. For example, in medical diagnosis, a doctor may use
numerous patient parameters suich as blood pressure, glucose level, cholesterol, and
age to determine whether a patient’s condition is mild, moderate, or severe. Analyzing
all these features directly cande complex and inefficient. LDA helps by reducing the
number of features while‘preserving the most class-discriminative information, making
the classification process faster and more reliable. By understanding the concept
and objectives of LDA, learners can see how data is transformed to maximize class
separation; through its mathematical formulation, they gain insight into how statistical
properties of data are used; and through its application in classification problems,
they learn how LDA improves decision-making accuracy in practical systems such as
healthcare analytics, face recognition, and customer segmentation.

Keywords

Dimensionality Reduction, Feature Extraction, Class Separability, Covariance Matrix,
Eigenvalues, Supervised Learning, Pattern Recognition




Discussion

Linear Discriminant Analysis (LDA), also referred to as Normal Discriminant Anal-
ysis, is a supervised learning technique used for classification. It works by reducing
high-dimensional data into a lower-dimensional space while preserving the information
that best distinguishes between two or more classes. LDA achieves this by finding an
optimal linear combination of features that maximizes the separation between different
classes in a dataset.

000000 0000 |

Overlappin

Fig. 4.3.1 Overlapping

Linear Discriminant Analysis (LDA), also referred to asiNormal Discriminant
Analysis, is a supervised learning technique used({for classification tasks. Its main
objective is to distinguish between two or more classes,by transforming data from a
high-dimensional feature space into a lower<dimensional one. KDA achieves this by
finding an optimal linear combination of features that maximizes the separation between
different classes in a dataset(See fig. 4.3.1).

For instance, consider a situationswhere two classés must be classified accurately.
Each class may contain several features, and relying on a single feature for classification
can lead to overlapping class boundafies.To overcome this issue, LDA considers
multiple features simultaneously, thereby improving classification performance. LDA
operates based on certaimunderlying assumiptions, and understanding these assumptions
is essential for gaining a clear insightinto how the method works.

4.3.1 Key Assumptions of Linear Discriminant Analysis (LDA)

For Linear Discriminant'Analysis to work effectively, it relies on a few important
assumptions. First, the data points in each class are assumed to follow a Gaussian
(normal) distribution. Second, all classes are expected to share the same covariance
matrix, meaning they have similar variance and correlation structures. Third, the classes
should be linearly separable, so they can be distinguished using a straight line or a flat
decision surface (see fig. 4.3.2).

When these conditions are reasonably satisfied, LDA can deliver strong classifica-
tion performance. For instance, if data points from two classes are plotted and they are
not clearly separable in their original space, LDA attempts to project the data onto a
new axis that maximizes the separation between the classes, thereby improving dis-
crimination.
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Fig. 4.3.2 Linearly separable Dataset

The diagram illustrates two classes, shown in black and greenjthat cannot be sep-
arated by a simple straight line in their original feature space. Linear Discriminant
Analysis identifies a new projection axis, represented by, the red dashed line, which
maximizes the distance between the class means while reducing variation within each
class. This transformation enhances the sgparation between classes and leads to more
accurate classification.

Wi

X

Fig. 4.3.3 The perpendicular distance between line points

The diagram illustrates two classes (black and green) that cannot be separated by a
straight line in their original space. LDA addresses this by identifying a new projection
axis (shown by the red dashed line) that maximizes the separation between the class
means while minimizing the spread within each class, thereby enhancing classification
performance.
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The perpendicular distance (shown in fig. 4.3.3) from the decision boundary to the
data points highlights how LDA minimizes variations within each class and increases
the separation between classes. After this transformation, the data points are projected
onto the new axis, as depicted in the figure below, making classification more effective.

New Axis

Fig. 4.3.4 New projection axis

This illustrates how LDA constructs a new projection axis (shown in fig. 4.3.4) to
map the data and achieve linear separation between two classes. However, if the class
distributions have the same mean, LDA fails to identify a separating direction, making
non-linear discriminant analysis necessary.

4.3.2 Working of LDA

Linear Discriminant Analysis operates by identifyingythe optimal directions in the
feature space that provide the best separation between different classes. It achieves
this by maximizing the distance between the class mean vectors while simultaneously
minimizing the variation within each class.

Assume we havetwo classes, eachieonsistingof d-dimensional data samples denoted as
X1, X2,...,X, Among these samples, n, belong toelass ¢, and n, belong to class c3.

Let x, represent an individual data“point. When this point is projected onto a line
defined by a unit vectoray, itsiprojected value is given by v'x. The mean vectors of
classes ¢, and c befor.e projection‘areyi and ., , respectively. After projection onto v,
the corresponding jprojectedimeans become p = v’y and p,= v,

The objective is to maximize the normalized distance between the projected class
means, g, - f, , in order goachieve better class separation. The within-class scatter for
class ¢;j is defined as the sum of squared deviations of its samples from the class mean,

Within-Class Scatter Matrix S_w

C

Sw = Z (x — ) (x — )"

XECE

Breaking Down the Equation
¢ ¢— Number of classes

¢ (. — Set of data points belonging to class k
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¢ x— A data point (feature vector)

¢ l;— Mean vector of class k

¢ (x—p,;)— Difference between a data point and its class mean

¢ (x — p)T— Transpose of that difference

This measures the spread of samples within each class. The within-class scatter
matrix Sy,is a key concept in Linear Discriminant Analysis (LDA). It measures how
much the data points spread within each class. In simple terms, it tells us how tightly or
loosely the samples of the same class are grouped together.

Step-by-Step Meaning
Find class mean (y;,)

For each class, calculate the average of all data points.
Compute deviation

For every data point x in class k, subtract the class‘mean:

(Cx )

This shows how far the point is from the ¢enter of its class.
Outer product

Multiply the deviation vector with its transpese:
() (2 — )7

This produces a matrix that eaptures variance and relationships between features.
Sum within class

Add these matrices fofall'points in the same class.
Sum across all classes

Finally, add results from all classes to get Sy .

Intuition

¢ [f data points in a class are close to their mean, Sy,is small

¢ If data points are spread out, Sy, is large

So, Sy, represents the compactness of classes.

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning




Example

Imagine two classes of students:

¢ Class A: Marks are very close (e.g., 70-75) — Low scatter

¢ Class B: Marks vary widely (e.g., 50-90) — High scatter
Here:

¢ Class A contributes less to Sy,

¢ C(lass B contributes more to Sy,

The within-class scatter matrix Sy, measures the spread of data inside each class. It is
calculated by summing the squared differences between each point and its class mean,
helping LDA find a projection where classes are tightly grouped and well separated.

Between-Class Scatter Matrix S_b
[
Sp = Z Ni (1 — 1) (o )7
k=1

In Linear Discriminant Analysis (LDA), the global mean of the dataset represents
the average of all data points across all classes. It is an important component used when
computing scatter matrices, especially the'between-class scatter matrix.

Global Mean Formula

The global mean p of the dataset is calculated as:

N
1
i=1

Where:
¢ N=total number of samples in the dataset
¢ x;= each data point (feature vector)
¢ u= global mean vector

This measures the separation between different classes. The between-class scatter
matrix Szmeasures how far apart the different classes are from each other. It captures
the separation between class means.

¢ ¢— number of classes
¢ N, — number of samples in class k

¢ 1, — mean of class k
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¢ u— overall mean of all data

For each class, the difference between its mean (1) and the overall mean (u) is
calculated. This difference is multiplied with its transpose to form a matrix, and then
weighted by the number of samples Nj.. Finally, all classes are summed.

In simple terms:

¢ If class means are far apart, Sgis large — good separation
¢ [If class means are close, Sgis small — poor separation
Why is it Important?
In LDA, the goal is to:

¢ Minimize S;;;— Keep points of the same class close together

¢ Maximize S;— Keep different classes far apart

This helps in achieving better class separation.
Purpose in LDA:

LDA tries to maximize Sgso that different classes are well separated in the transformed
space and minimize §,,, so that with in class, scatter is 1ess.

Linear Discriminant Analysisseeks to maximize the ratio of between-class separation
to within-class variation, whi¢h is expressediusing the objective function

LDA Objective Function

Find a projection w that maximizes the between class scatter and minimizes with in
class scatter. Ie,

between class scatter | WTSz;W |
with in class scatter | WTS,,W |

] (M=

Explanation

¢ Sp— Between-class scatter matrix (measures separation between class
means)

¢ Sy— Within-class scatter matrix (measures spread within each class)

¢ W — Projection matrix that transforms data into a lower-dimensional space

The numerator | WT SgW | represents how far apart the classes are after projection,
while the denominator | WT S, W | represents how spread out the data points are within
each class.
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In simple terms:

¢ Maximize Sp— push different classes far apart

¢ Minimize S;,— keep same-class points close together

Thus, LDA finds the best projection w that maximizes the ratio of between-class
separation to within-class variation, resulting in better classification performance.

The optimal projection direction w that provides the best class separation is obtained
by solving the eigenvalue problem S, Szw = Jw.

The eigenvector corresponding to the largest eigenvalue gives the best projection
direction.

¢ S, tSgcombines within-class compactness and between-class separation
¢ Eigenvectors — possible projection directions

¢ Largest eigenvalue — direction with maximum class separability

4.3.3 Extensions of Linear Discriminan@Analysis (LDA)

¢ Quadratic Discriminant Analysis (QDA): QDA allows each class to have
its own variance or covariance matrix, enabling the model to capture more
complex and class-specific data distributions.

¢ Flexible Discriminant Analysi§ (FDA): FDA incorporates non-linear
transformations of input featdres, such as splines, to effectively handle
datasets that are not linearly separable.

¢ Regularized Discriminant Analysis (RDA): RDA applies regularization
to the covariancedmatrices, reducing the risk of overfitting and improving
performance on datasets/with limited or noisy samples.

4.3.4 Implementiftig LDA Using Python

In this section, Linear Discriminant Analysis is implemented using the Scikit-learn
library with the Iris dataset.

1. Importing the Required Libraries

The first step is to import the essential libraries needed for data handling, visualization,
dimensionality reduction, and model building:

¢ NumPy: Used for numerical computations and array operations
¢ Pandas: Helps in creating, organizing, and managing datasets
¢ Matplotlib (pyplot): Used for generating plots and visual representations

Scikit-learn: Provides tools for loading datasets, preprocessing data, performing
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LDA, and building classifiers
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
from mpl_toolkits.mplot3d import Axes3D
from sklearn.datasets import load _iris
from sklearn.preprocessing import StandardScaler, LabelEncoder
from sklearn.model selection import train_test split
from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
from sklearn.ensemble import RandomForestClassifier

from matplotlib.colors import ListedColormap

2. Loading the Dataset

The Iris dataset is first loaded and transformed into a Pandas PDataFrame. The input
features and target labels are then separated for further processing.

¢ pd.DataFrame(columns=..., data=.",)\is used to €onstruct a DataFrame from
the raw dataset

¢ iloc[:, 0:4] extracts the first fourlcolumns as feature variables

¢ iloc[:, 4] selects.the target class colamn

iris = load _iris()

dataset = pd.DataFrame(columns=iris.feature_names, data=iris.data)
dataset['target'] = iris.target

X = dataset.iloc[:, 0:4].values

y = dataset.iloc[:, 4].values

3. Data Preprocessing

In this step, the feature values are standardized, the class labels are encoded, and the
dataset is divided into training and testing subsets.

¢ StandardScaler().fit_transform(X) normalizes the feature values

¢ LabelEncoder().fit_transform(y) converts class labels into numerical form
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¢ train_test split(X, y, test size=0.2, random_state=42) splits the data into
80% training and 20% testing sets

sc = StandardScaler()
X scaled = sc.fit_transform(X)
le = LabelEncoder()
y_encoded = le.fit_transform(y)
X train, X test,y train, y test =train_test split(
X scaled, y_encoded, test size=0.2, random_state=42

)

4. Visualizing the Original Iris Dataset in 3D

A three-dimensional scatter plot is generated using the firstthree features of the Iris
dataset to observe how the data points are distributed across different classes.

¢ Axes3D is used to enable three-dimensional visualization

¢ scatter(..., c=y, cmap="rainbow', alpha=0.7, edgecolors='b") assigns different
colors to data points based on their class labels

fig = plt.figure(figsize=(7, 5))

ax = fig.add_subplot(111, projection='3d")

ax.scatter(X[:, 0], X[:,.1], X[%.2], c=y, ctmap="rainbow', alpha=0.7, edgecolors='b")
ax.set_xlabel(iris.feature_names[0])

ax.set_ylabel(iris.feature names[1])

ax.set_zlabel(iris.featureghames[2])

ax.set title('Original Iris Dataset (3D)")

plt.show()
This visualization helps in understanding the natural separation and overlap among

classes before applying dimensionality reduction techniques like LDA(result shown in
fig. 4.3.5).
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Fig. 4.3.5 Original iris dataset in 3D

5. Random Forest Decision Boundary Without LDA

A Random Forest classifier is trained using the original feature space (restricted to
the first two features for visualization) and'its decision boundary is plotted to understand

how the model separates classes without applying LDA.

¢ RandomForestClassifiet(max_depth=2, random_state=0) is used to initialize
the classifier

¢ fit(X train 2Dyyrtrain) trains theé model on the selected two-dimensional
feature set

¢ .predict() is'applied over/a mesh grid to estimate class regions

¢ contourf() is usedwto display the decision regions with different colors
X train 2D =X train[:, :2]

rf without lda = RandomForestClassifier(max depth=2, random_state=0)
rf without lda.fit(X train 2D,y train)
Xx_min, Xx_max = X _train_2D[:, 0].min() - 1, X train 2D[:, 0].max() + 1
y_min, y max = X train 2D[:, 1].min() - 1, X train_2D[:, 1].max() + 1
XX, yy = np.meshgrid(np.arange(x_min, X_max, 0.02),

np.arange(y_min, y max, 0.02))
Z =rf without lda.predict(np.c_[xx.ravel(), yy.ravel()])

Z = Z.reshape(xx.shape)
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cmap_light = ListedColormap(['#FFAAAA', #AAFFAA', '#AAAAFF'"))
plt.figure(figsize=(7, 5))
plt.contourf(xx, yy, Z, alpha=0.3, cmap=cmap_light)

plt.scatter(X train 2D[:, 0], X train 2D[:, 1], c=y train, cmap="rainbow’,
edgecolors='b")

plt.xlabel(iris.feature_names[0])
plt.ylabel(iris.feature_names|[1])
plt.title('Random Forest Decision Boundary Without LDA")

plt.show()

This plot illustrates how the Random Forest classifier separates the classes directly
from the original feature space, highlighting the compleXity of decision boundaries
before applying dimensionality reduction(result shown in fig. 4.3.6).
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Fig. 4.3.6 Decision Boundary without LDA

6. Applying LDA

Linear Discriminant Analysis is applied to reduce the original feature set into two
new components that emphasize maximum separation between classes.

¢ LinearDiscriminantAnalysis(n_components=2) is used to compress the
feature space into two discriminant components

¢ fit_transform(X train, y train) trains the LDA model using the training data
and projects it onto the new space

¢ _transform(X_test) maps the test data onto the same LDA dimensions
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lda = LinearDiscriminantAnalysis(n_components=2)
X train_lda = lda.fit transform(X train, y_train)

X test lda = lda.transform(X _test)

7. Random Forest Decision Boundary With LDA

A Random Forest classifier is then trained on the LDA-transformed features, and its
decision boundary is visualized to observe the improvement in class separation.

¢ RandomForestClassifier(max_depth=2, random state=0) initializes the
classifier

¢ fit(X train lda, y train) trains the model on the reduced feature set
¢ .predict() is applied across a mesh grid to generate classification regions

¢ contourf() is used to display the decision regions with distinct colors

rf with Ida = RandomForestClassifier(max depth=2, random_state=0)

rf with lda.fit(X train Ida, y train)

X_min, Xx_max = X _train_lda[:, 0].min() - 1, X train_lda[:, 0].max() + 1

y_min, y max = X train_lda[:, 1].min()=)l, X train lda[:, 1].max() + 1

XX, yy = np.meshgrid(np.arange(x_min,x max, 0.02),
np.arange(y_min, y max, 0.02))

Z =rf with_lda.pfedict(np.c_[xxmwavel(), yy.ravel()])

Z = Z.reshape(xX:shape)

plt.figure(figsize=(7, 5))

plt.contourf(xx, yy, Z, alpha=0.3, cmap=cmap_light)

plt.scatter(X train lda[:, 0], X train_ldal[:, 1], c=y_train, cmap="rainbow', edgecol-
ors='b")

plt.xlabel('LDA Component 1')

plt.ylabel('LDA Component 2')

plt.title('Random Forest Decision Boundary With LDA")
plt.show()

This visualization demonstrates how applying LDA before classification results in
clearer class boundaries and more effective separation compared to using the original
feature space(result shown in fig. 4.3.7).
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Fig. 4.3.7 Decision Boundary with LDA

4.3.5 Advantages of LDA

Linear Discriminant Analysis is easy t0 understandiand computationally efficient,
making it suitable for many practical applications. It performs well even when the
number of features exceeds the number of training samples. LDA is also effective in
handling multicollinearity, as it considers correlations among features while forming
discriminant directions.

4.3.6 Disadvantages oBLDA

LDA relies on the assumption that'data in each class follows a Gaussian distribution,
which may not always_bé true in real-world datasets. It also assumes that all classes
share the same covariance matrix, an assumption that may be violated in many
practical scenarios. Since,LDA'is based on linear decision boundaries, it is not suitable
for problems where classes are not linearly separable. Additionally, its performance
may degrade in very high-dimensional feature spaces, especially when the underlying
assumptions are not satisfied.

4.3.7 Applications of LDA

Linear Discriminant Analysis is widely used in face recognition systems to com-
press high-dimensional pixel data into a lower-dimensional space, enabling faster and
more accurate identification of individuals. In the field of medical diagnosis, LDA helps
classify patients into categories such as mild, moderate, or severe based on clinical
measurements, supporting effective treatment decisions. It is also applied in customer
analytics, where it assists in identifying and segmenting customers who are most likely
to buy a particular product using survey or behavioral data.
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Recap
¢ Linear Discriminant Analysis (LDA) is a supervised machine learning
technique mainly used for classification tasks.

¢ It reduces high-dimensional data into a lower-dimensional space while
preserving class-discriminative information.

¢ LDA finds an optimal linear combination of features that maximizes
separation between two or more classes.

¢ Using multiple features together helps LDA overcome class overlap that
occurs when single features are used.

¢ LDA assumes that data in each class follows a Gaussian (normal) distribution.

¢ It also assumes that all classes share the same covariance matrix and are
linearly separable.

¢ When original data is not clearly separable, LDA projectsitonto a new axis
that improves class separation.

¢ The method maximizes the distance bétweemnielass means'while minimizing
variation within each class.

¢ LDA mathematically optimizes the ratio of between-class scatter to within-
class scatter.

¢ The best projection direction isfobtained using the eigenvector with the
largest eigenvalue of Sw—1SbS w”{-1} S bSw—1Sb.

¢ Extensions suchas QDAy FDAand RDA address limitations related to
covarianceMon-linearity, and overfitting.

¢ LDA can be'easily implemented using Python libraries like Scikit-learn on
datasets such as Iris.

¢ Data preprocessing steps include feature scaling, label encoding, and train—
test splitting.

¢ Applying LDA before classification improves decision boundaries and
enhances model performance.

¢ LDA is widely applied in face recognition, medical diagnosis, and customer
segmentation due to its efficiency and interpretability.
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Objective Type Questions

—
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I1.
12.
13.
14.
15.

What type of learning technique is Linear Discriminant Analysis?

LDA is mainly used for which machine learning task?

What is the alternate name of Linear Discriminant Analysis?

LDA reduces data from high-dimensional space to which type of space?
LDA maximizes separation between which elements of classes?

Which distribution is assumed for data in each class in LDA?

What type of separability does LDA assume between classes?

Which matrix represents within-class scatter in LDA?

Which matrix represents between-class scatter in LDA?

. The optimal projection vector in LDA is obtained using which mathematical

concept?

Which dataset is commonly used to demonstrate LDA in®ython?

Which Python library provides the LinearDiscriminantAnalysis class?
Which classifier is used to visualize decision beundaries in the example?
Which extension of LDAallows different covariance matrices for each class?

In which application is LDA widely used to reduce pixel dimensionality?

Answers to Objective Type Questions

I.

2 L N v B s

Supervised
Classification
Normal
Lower
Means
Gaussian
Linear

Sw

Sb

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning @



10. Eigenvector
11. Iris

12. Scikit-learn
13. RandomForest
14. QDA

15. FaceRecognition

Assignments

. Explain the concept of Linear Discriminant Analysis (LDA). Describe its

objectives, working principle, and how it differs fromyPrincipal Component
Analysis (PCA).

. Discuss the mathematical formulation of LDA. Explain how within-class

scatter and between-class scatter matrices are constructed and used.

. Describe the advantages and limifations of LDA with suitable examples

from real-world applications.

. Explain how LDA is used fordimensienality reduction. Illustrate the process

with a neat diagram andé@xample.

. Explain the role of LDA in classification problems. How does LDA improve

class separability?

. Discuss thedapplications of EDA'in fields such as face recognition, medical

diagnosis, and customer analytics.

. Analyze the performance of a classifier with and without LDA as a

preprocessing stepaDiscuss how LDA impacts accuracy, computation time,
and decision boundaries.
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Unit 4
Principal Component Analysis (PCA)

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ familiarize Principal Component Analysis (PCA) techniques to reduce
the dimensionality of large datasets while retaining the most significant
information

¢ utilize concepts of variance, covariance, eigenvalues,and eigenvectors to
compute and interpret principal components in real-world data analysis
problems

¢ implement PCA for feature transformation,in applicatiofis such as facial
recognition and financial data analy$is to improve computational efficiency
and model performance

¢ apply PCA results for data preprocessing and visualization, enabling clearer
interpretation of complexfdatasets and identification of underlying patterns

Prerequisites

In modern datafanalysis,.datasets often contain a large number of features, many
of which may be correlated or redundant, making analysis complex, time-consuming,
and less interpretable. Principal Component Analysis (PCA) addresses this challenge
by reducing the dimensienality of the data while preserving the most significant
information. For example, in facial recognition systems, each image may have thousands
of pixel values as features, but not all pixels contribute equally to distinguishing one
face from another. PCA helps transform these thousands of correlated features into a
smaller set of uncorrelated principal components that capture most of the variation
in the data, simplifying computations and improving model efficiency. Similarly, in
finance, PCA can be applied to reduce the number of correlated market indicators into a
few key components, making it easier to visualize trends and detect underlying patterns.
Understanding concepts like variance, covariance, eigenvalues, and eigenvectors is
essential for computing these principal components, enabling clearer data preprocessing,
efficient modeling, and meaningful visualization.




Keywords

Eigenvectors, Eigenvalues, Covariance Matrix, Dimensionality, Reduction, Standard-
ization, Variance, Data Projection

Discussion

4.4.1 Need for Dimensionality Reduction

Dimensionality reduction is essential in data analysis to simplify large and complex
datasets by reducing the number of features while retaining the most important
information. When a dataset contains fewer dimensions, the computational cost
decreases significantly, resulting in faster model training and prediction. For example,
in email spam detection, thousands of words may be used as features, but only a small
subset actually helps distinguish spam from legitimate emails. Reducing dimensions
allows the model to focus on these important words, improying efficiency and speed.

It also helps remove redundant or highly correlated features. In healthcare systems,
patient data may include multiple measurements su¢h,as weight in kilograms, pounds,
and body mass index (BMI), which convey similaryinformation. Dimensionality
reduction eliminates such redundancy, creating’a €leaner and mor€ meaningful dataset.

Storage requirements are also reduced./In image pro¢essing, each image can contain
millions of pixel values. Storing and processing all these pixels is expensive. Techniques
like PCA compress the image datainto fewer componeénts, saving storage space while
preserving visual quality.

Another important benefit 18 improved visualization. High-dimensional data cannot
be directly visualized, but after dimensionality reduction, it can be plotted in two-
dimensional or threé-dimensionalygraphs. For instance, in customer segmentation,
businesses can vistialize customer behavior patterns on a 2D plot, making it easier to
identify distinct customér groups.

Finally, dimensionality_reduction helps identify the most significant features and
discard irrelevant ones. In financial analysis, multiple market indicators may be
correlated. Dimensionality reduction summarizes them into a few key components,
helping analysts understand trends and make better decisions. Overall, dimensionality
reduction enhances clarity, improves interpretability, and supports more effective data
analysis and decision-making.

4.4.2 Variance and Covariance

In machine learning, data is the foundation for building accurate and efficient
models. Concepts like variance and covariance, which we see in everyday situations,
play a critical role in how machine learning algorithms understand, process, and learn
from data. variance and covariance describe how data behaves and how features are
related. Variance shows how much a single feature changes across the dataset, helping
identify informative features and remove low-value ones. Covariance explains how
two features vary together, revealing relationships and redundancy between variables.
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These concepts are essential for feature selection, noise reduction, and dimensionality
reduction techniques like PCA, ultimately improving model efficiency and accuracy.

4.4.2.1 Variance

Variance shows how much the values of a feature change from one data sample to
another. When a feature has high variance, its values differ a lot across the dataset,
which usually means it contains useful information for learning. On the other hand, a
feature with very low variance has nearly the same value for all samples and therefore
contributes little to prediction. For example, in exam marks, if students score very
different marks, this wide variation helps us clearly distinguish strong and weak
performers. In a student performance prediction model, features such as study hours
or attendance often have high variance, so they help the machine learning model
make better predictions. However, a feature like all students attending the same class
has almost no variation, so it does not help the model learn any meaningful pattern.
Because of this, during data preprocessing, machine learning algorithms often remove
low-variance features to reduce noise and improve efficiency. Similarly, in image
processing, pixel values around important facial regions such'as the eyes, nose, and
mouth vary significantly and carry important infofmation, while background pixels
change very little. Techniques like Principal ComponentAnalysis focus on these high-
variance features, which improves tasks such.asfacial recognition by keeping the most
informative parts of the data.

Example : Daily Travel Time to Office

Suppose a person usually takes 30 'minutes toyreach the office.

¢ Week 1 travel times: 28, 29, 30, 31, 32 minutes

— These values areselose to the average, so variance is low.

¢ Week 2 travel times? 15,25, 30, 45, 60 minutes

— These values are far from/the average, so variance is high.

This shows that highér variance means more inconsistency or unpredictability in
data.

4.4.2.2 Covariance

Covariance explains how two features change together, which helps machine learning
models understand the relationship between variables. For example, height and weight
usually increase together, showing positive covariance. In a health prediction model,
height and weight are correlated features, and high covariance between them means
they carry similar or redundant information. To handle this, Principal Component
Analysis (PCA) uses covariance to combine such related features into a single principal
component, which simplifies the dataset without losing important information. Another
example of positive covariance is study time and exam score, where an increase in
study time usually leads to higher marks. In student performance prediction systems,
models like linear regression use this positive relationship to predict outcomes. Negative
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covariance occurs when two variables move in opposite directions, such as price and
demand. In sales forecasting models, an increase in price often leads to a decrease in
demand, and machine learning algorithms learn this inverse relationship by adjusting
model weights accordingly. Some features may show zero covariance, such as shoe
size and intelligence, meaning they have no meaningful relationship. Such features
do not help in prediction and are removed during feature selection to improve model
efficiency. Overall, PCA plays a key role in machine learning by using variance to
identify important directions in the data and covariance to detect correlated features.
Eigenvalues indicate how much variance each principal component contains, while
eigenvectors define the direction of maximum variance. In real-world applications like
recommendation systems, user ratings across products are often correlated, and PCA
reduces thousands of such features into a few meaningful components, making models
faster, simpler, and more effective.

Machine Learning Benefits

By using variance and covariance:

¢ Models train faster

¢ Opverfitting is reduced

¢ Noise is minimized

¢ Visualization becomes easier

¢ Feature redundancy is removed

Table 4.4.1 Variance real life conéept,with Machine Learning interpretation

Real-Life Concept Machine Learning Interpretation
High varianée in marks Informative feature
Low variance values Removable feature

Height and'weight correlation Redundant features

Price vs demand Inverse feature relationship

4.4.3 Eigenvalues and eigenvectors

Eigenvalues and eigenvectors are key ideas in linear algebra that help explain how
a matrix behaves. They are widely used in areas such as matrix simplification, system
stability analysis, and data analysis techniques like Principal Component Analysis
(PCA). Defined for square matrices, these concepts reveal important characteristics of
a matrix, including its dominant directions and scaling effects.

4.4.3.1 Eigenvalues

Eigenvalues are special scalar values associated with a matrix or a linear
transformation. They describe how the transformation affects certain directions in the
data. When a matrix is applied to its corresponding eigenvector, the vector is only
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scaled by a factor called the eigenvalue, while its direction remains the same. If the
eigenvalue is positive, the eigenvector is stretched; if it is between 0 and 1, the vector
is compressed; and if the eigenvalue is negative, the vector’s direction is reversed along
with scaling. This property makes eigenvalues useful for understanding the strength
and importance of different directions in a transformation.

Mathematically, the relationship between a matrix, its eigenvector, and eigenvalue
is expressed as:

Av =\v
where

¢ A represents a square matrix,
¢ vis the corresponding eigenvector (a non-zero vector)

¢ ) is the eigenvalue, a scalar that indicates the amount ofiscaling applied to v.

In data analysis and machine learning, eigenvalues are especially important because
they help identify which directions (or components) carty the most information, such
as in dimensionality reduction techniques liké PCA.

4.4.3.2 Eigenvectors

Eigenvectors are special non zerewvectors that keep(their direction unchanged when
a linear transformation represehted by a,matrix is applied to them. When a matrix
multiplies an eigenvector, the vector 4§ only scaled (stretched or compressed) by a
constant value called the eigenvalue. To determine an eigenvector, the corresponding
eigenvalue must be identified first.

For any square/ matrix_47ofiorder nxn, an eigenvector is usually expressed as a
column vector of sizem*1. This is referred to as the right eigenvector, since matrix
multiplication is not commutative and the vector appears on the right side of the matrix.

In contrast, a left eigenvector is defined as a row vector of size 1xn and satisfies the
relation

VA=AV,
where v is the row eigenvector and A is the eigenvalue.
Eigenvector Equation
The fundamental equation used to find eigenvectors is:
Av=Lv

where

¢ A is a given square matrix,
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¢ v is the eigenvector, and
¢ /1is the corresponding eigenvalue (a scalar).

Here, the left side represents matrix vector multiplication, while the right side
represents scaling the vector by A. To express both sides uniformly as matrix vector
multiplication, the scalar 4 can be written as A1/, where [ is the identity matrix.

A0 O
Al=(0 X O
0 0 X
Substituting this into the equation gives:
Av=2Iv
Rearranging,
Av—Alv=0
(A—AI)v=0

For this equation to have a non zero solutieh forv, the matrix(A—A\I) must reduce the
space in such a way that it collapses into adower dimension. This condition occurs only
when the determinant of the matrix is zero.

det(A=A)=0

This determinant equation/is knownfas the characteristic equation, and solving it
gives the eigenvalues of the matrix. Once the eigenvalues are found, the corresponding
eigenvectors can be obtained by substituting each eigenvalue back into (A—AI)v=0.

4.4.4 PCA in detail

Principal Component Analysis (PCA) is a technique used for dimensionality
reduction that decreases the'mumber of features in a dataset while preserving the most
significant information. It simplifies complex data by converting correlated variables
into a reduced set of independent (uncorrelated) components.
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Principal Component Analysis (PCA)
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Fig. 4.4.1 How.P€Awworks?

It assists in eliminating redundant information, enhancing computational efficiency,
and making the data simpler to visualize and interpret.

4.4.4.1 How Principal Component Analysis (PCA) Works

PCA leverages linear algebra to conyert the original dataset into a new set of features
called principal components. It does this by computing the eigenvectors (which indicate
directions of maximum varianceand eigenvalues (which indicate the significance of
each direction) from the covariance matrix of the data. The principal components with
the largest eigenvalues aré selected, and the data is projected onto these components,
effectively reducing dimensionality while retaining the most important information.
See fig. 4.4.1.

In simple terms, PCA focuses on the directions where the data varies the most,
as higher variation often corresponds to more meaningful patterns. Think of it like
observing a scattered cloud of data points, similar to stars in the night sky, you want to
identify the "best angles" to view this cloud so that you capture the main structure and
patterns without being distracted by noise. Step by step, PCA identifies these directions
and reorients the data along them, making complex datasets easier to analyze and
visualize.

Here’s how it works step by step:
Step 1: Standardize the Data

Since different features can have varying units and scales—for example, comparing
salary with age—PCA requires standardization to ensure fair comparison. This involves
transforming each feature so that it has:
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¢ A mean of

¢ A standard deviation of 1

Standardizing the data ensures that all features contribute equally to the analysis,
preventing features with larger scales from dominating the principal components.

u is the mean of independent features p= {p, w,..., u_}
o is the standard deviation of independent features 6 ={c, ,,...,0_}

It can be written as:

¢ . represents the mean of the i independent feature
¢ o, represents the standard deviation of the i" indepefident feature

¢ m is the total number of independent features.

Step 2: Calculate Covariance Matrix

Next, PCA computes the covariance matrix to analyze the relationships between
features, indicating whether they tend to increase or dectease together. The covariance
between two features x, and x, is given by:

Tiey il ) (x2i —x2)

n—1

covxl, x2) =
Where:

x1 and x2 represent the mean values of the features x1 and x2, respectively.
n denotes the totallnumber of.data samples.

The covariance value may be positive, negative, or zero, indicating the direction
and strength of the relationship between the two features.

Step 3: Determine the Principal Components

PCA discovers new coordinate directions along which the data shows the greatest
variation.

¢ First Principal Component (PC1): The direction that captures the
maximum variance in the data.

¢ Second Principal Component (PC2): The direction with the next
highest variance, which is orthogonal (perpendicular) to PC1, and so on.

These directions are obtained from the eigenvectors of the covariance matrix, while
the amount of variance captured by each direction is indicated by the corresponding
eigenvalues. For a square matrix A, an eigenvector X (a non-zero vector) and its
corresponding eigenvalue 4 satisfy:
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AX=AX
This implies that:

¢ When the matrix A is applied to X, it only scales X by the factor A, either
enlarging or reducing it.

¢ The direction of X does not change; therefore, eigenvectors represent the
stable directions of A.

Eigenvalues indicate how significant each of these directions is, allowing them to be
ranked by importance.

Step 4: Select the Most Important Directions and Transform the Data

After computing the eigenvalues and eigenvectors, PCA orders them based on how
much information (variance) they represent. Next, we:

¢ Choose the top k principal components that, together capture most of the
variance (for example, 95%).

¢ Project the original dataset onto thesé selectedicomponents.

As aresult, the dataset’s dimensionality is reduced while preserving the key patterns
and essential information in the data. See fig. 4.4.2.

Ao g *

| Tianshoimma Licin

PL, 20— 10

Y - Radius
Varianee s

Fig. 4.4.2 Transform the two dimensional dataset into a one dimensional form
while retaining the maximum possible variance

In the image shown, the original dataset is described using two features, Radius and
Area, represented by the black coordinate axes. PCA derives two new axes, PCi and
PC:, known as the principal components.

These axes are rotated relative to the original feature axes. PC: captures the largest
amount of variation in the data and therefore contains the most meaningful information,
while PC: accounts for the remaining variation and is perpendicular to PCi. The data
points are more widely distributed along PC,: than along PC., which is why PC is
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selected for dimensionality reduction. By projecting the data points (blue crosses)
onto PCi, the two dimensional dataset is effectively reduced to one dimension while
preserving the most important patterns and structure.

4.4.4.2 Implementation of Principal Component Analysis in Python

PCA applies a linear transformation that focuses on retaining the maximum possible
variance while reducing the number of dimensions. In other words, it summarizes the
data using fewer features without losing important information. The process generally
follows these steps:

Step 1: Import Required Libraries

To perform PCA and analyze the results, we load essential libraries such as NumPy
and Pandas for data handling, scikit learn for preprocessing and modeling, and
Matplotlib and Seaborn for data visualization.

import numpy as np

import pandas as pd

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA.

from sklearn.model selection import tfain_test split
from sklearn.linear model impoistkogistieRegression
from sklearn.metrics import confusion matrix

import matplotlib.pyplot as plt

import seaborn ag sns

Step 2: Creating a Sample Dataset

In this step, a simple datasét1s constructed containing four attributes: Height, Weight,
Age, and Gender. The values are organized in a dictionary format and then converted
into a Pandas DataFrame for easy handling and analysis.

data = {
'Height": [170, 165, 180, 175, 160, 172, 168, 177, 162, 158],
"'Weight': [65, 59, 75, 68, 55, 70, 62, 74, 58, 54],
'Age": [30, 25, 35, 28, 22, 32, 27, 33, 24, 21],
'Gender': [1,0,1,1,0,1,0, 1,0, 0] # 1 =Male, 0 =Female
}
df = pd.DataFrame(data)
print(df)
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OUTPUT

Height Weight Age Gender

0 176 65 30 1
1 165 59 25 0
2 180 75 35 1
3 175 68 28 1
4 160 55 22 %)
5 172 70 32 1
6 168 62 27 %)
7 177 74 33 1
8 162 58 24 %)
9 158 54 21 %)

Step 3: Standardizing the Data

Because the input features are measured on different scales, such as Height and Age,
the data needs to be standardized. This process adjusts all featuzes so they have a mean
of 0 and a standard deviation of 1, ensuring that no single feature has more influence
simply due to its measurement units.

X = df.drop('Gender’, axis=1)
y = df['Gender']
scaler = StandardScaler()

X scaled = scaler.fit_transfotm(X)

Step 4: Applying the PCA Algorithm

In this step, thefdataset is ‘compreéssed from three original features into two
new features known as gpfificipal components. These components retain most
of the important infefmation while reducing the overall number of dimensions.
The data is then divided intof70 percent for training and 30 percent for testing. A
logistic regression modelii§itrained using the reduced training data, and gender labels
are predicted for the test set.

pca=PCA(n_components=2)

X pca = pca.fit_transform(X scaled)

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

)

model = LogisticRegression()

model fit(X train, y_train)

y_pred = model.predict(X _test)

@ SGOU - SLM - BSc- Data Science and Analytics - Machine Learning



Step S: Evaluation Using Confusion Matrix

The confusion matrix is used to compare the actual class labels with the predicted
ones. It provides a clear view of correct predictions and classification errors.

cm = confusion_matrix(y_test, y pred)
plt.figure(figsize=(5, 4))
sns.heatmap(

cm,

annot=True,

fmt="d',

cmap='Blues',

xticklabels=['Female', 'Male'],

yticklabels=['Female', 'Male']
)
plt.xlabel('Predicted Label')
plt.ylabel("True Label')

plt.title('Confusion Matrix')

plt.show()

Confusion matrix sho

OUTPUT

175
1.50
1.25

1.00

True Label

-0.75
L1
5- - 0.50
2
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i - 0.00
Female Male

Predicted Label

Fig. 4.4.3 Confusion matrix

AAAAAAAAAAAAAA

o SGOU - SLM - BSc- Data Science and Analytics - Machine Learning @



<

Step 6: PCA Visualization

To visualize the effect of PCA, the target variable is first converted into numeric
labels. A figure with two subplots is then created for comparison.

In the first subplot, a scatter plot displays the data using the first two standardized
original features, with points colored according to their target classes. This represents
the data distribution before applying PCA.

In the second subplot, another scatter plot shows the same data after dimensionality
reduction, projected onto the first two principal components. The color mapping
remains the same to allow easy comparison between the original feature space and the
PCA-transformed space. See fig. 4.4.4. Finally, the layout is adjusted for clarity, and
the plots are displayed.

y_numeric = pd.factorize(y)[0]
plt.figure(figsize=(12, 5))
plt.subplot(1, 2, 1)

plt.scatter(X scaled[:, 0], X scaled[:, 1], c¢=y.numeric, | cmap='coolwarm',
edgecolor="k', s=80)

plt.xlabel('Original Feature 1')

plt.ylabel('Original Feature 2')

plt.title('Before PCA: Using First 2 Standardized Features')
plt.colorbar(label="Target classes')

plt.subplot(1, 2, 2)

plt.scatter(X_pda[:, 0], Xap€af:, 1], c=y numeric, cmap="coolwarm', edgecolor="k',
s=80)

plt.xlabel('Principal Component 1')

plt.ylabel('Principal Component 2')

plt.title("After PCA: Projected onto 2 Principal Components')
plt.colorbar(label="Target classes')

plt.tight layout()

plt.show()
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Before PCA: Using First 2 Standardized Features After PCA: Projected onte 2 Principal Components
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Fig. 4.4.4 PCA Algorithm
Left plot (before PCA):

This visual represents the original standardized dataset plotted using the first two
features. Since these dimensions come directly from the raw input,elear class separation
is not guaranteed.

Right plot (after PCA):

This plot shows the data projected onto the top two principal components. These
components retain the maximum variance in the data, often revealing clearer structure
and improved class separation, which makesianalysis and modeling more effective.

4.4.5 Advantages of Principal'€omponent Analysis

¢ Managing Multicollinearity: Genérates new independent features, reducing
problems catised by highly correlated original variables.

¢ Noise Reduection: Removes low-variance components, resulting in cleaner
and more meaningful data.

¢ Data Compression: Summarizes the dataset using fewer dimensions, saving
storage space and improving computational efficiency.

¢ Outlier Detection: Makes it easier to spot abnormal observations that stand
out in the reduced feature space.

4.4.6 Disadvantages of Principal Component Analysis

¢ Difficulty in Interpretation: The derived components are mixtures of
original variables, which can be hard to interpret clearly.

¢ Sensitivity to Data Scaling: Requires proper normalization or
standardization; otherwise, the results may be inaccurate.

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning @



&

¢ Loss of Information: Some useful information may be discarded when
reducing dimensions too aggressively.

¢ Linearity Assumption: Performs best with linear relationships and may not
handle nonlinear patterns effectively.

¢ High Computational Cost: Can be time-consuming and resource-heavy for
very large datasets.

¢ Potential Overfitting: Retaining too many components or working with
limited data may reduce model generalization.

4.4.7 Applications of Principal Component Analysis (PCA)

After understanding the concept and working principle of Principal Component
Analysis (PCA), it becomes easier to explore its practical applications. The primary
purpose of PCA is dimensionality reduction. In many real-world problems, datasets
contain a large number of variables or features, making, analysis complex and
computationally expensive. PCA transforms such high-dimensional data into a smaller
set of principal components while preserving most{of the important information and
variation present in the original dataset.

Because of its ability to simplify complex data, PCAiswidelyapplied across numerous
fields, including neuroscience, finance, ifmage processing, artificial intelligence, and
cybersecurity.

1. Applications in Neuroscience

In neuroscience, PCA is used to analyze complex neural activity and brain signals.
A specialized variation knownas spike-triggered covariance analysis helps identify
the characteristics ofd@ stimulusthat, incréase the likelihood of a neuron generating an
action potential. PCA is alsesuseful in identifying neurons based on the shape of their
action potentials.

Additionally, PCA serves4@s a dimensionality reduction technique for detecting
coordinated behavior among large groups of neurons. Researchers use it to determine
collective variables and study phase transitions occurring in brain activity.

2. Applications in Quantitative Finance

PCA is extensively used in quantitative finance to simplify large and complicated
financial datasets. For example, if a portfolio manager handles 200 stocks, analyzing
relationships among all stocks requires a massive 200 x 200 correlation matrix, making
the analysis highly complex.

By extracting only a few principal components that capture most of the market
variation, PCA significantly reduces complexity while still preserving the essential
movement patterns of the stocks.
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Some important financial applications of PCA include:

¢ Studying and analyzing yield curve behavior
¢ Hedging fixed-income investment portfolios
¢ Developing interest rate prediction models

¢ Forecasting portfolio returns

¢ Designing asset allocation strategies

¢ Creating long-short equity trading algorithms

3. Image Compression

PCA is commonly applied in image compression techniques. Since images often
contain redundant information, PCA reduces the number of dimensions required to
represent an image while preserving most of its visual quality. This helps reduce storage
requirements and transmission costs without significantly affecting image clarity.

4. Facial Recognition

Facial recognition systems in computer vision heavilyreély on PCA through a
method called Eigenfaces. Researchers Sirovich and Kirby demonstrated that PCA
could analyze collections of face images ‘and generate a compact set of basis features
for recognizing faces.

The Eigenfaces approach uses PCA towreduce the statistical complexity of facial
image representation while retaining the most significant facial characteristics. Modern
face recognition systems often, combine PCA with wavelet transforms and neural
networks to improvedecognition aceuracy.

5. Other Important Applications

PCA is also applied in sevetal additional domains, particularly in machine learning
and artificial intelligence."Some notable applications include:

¢ Studying medical datasets to identify correlations, such as the relationship
between cholesterol and low-density lipoproteins

¢ Secismic analysis of earthquake-prone regions using Horizontal-to-Vertical
Spectral Ratio (HVSR) data

¢ Detection and visualization of computer network attacks in cybersecurity
¢ Anomaly detection in large datasets and monitoring systems

Overall, PCA 1is a powerful statistical and machine learning technique that helps
simplify complex datasets, improve computational efficiency, and uncover meaningful
patterns across a wide range of scientific and industrial applications.
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Recap
¢ Principal Component Analysis (PCA) is a dimensionality reduction technique
that reduces the number of features while preserving important information.

¢ [t transforms correlated variables into a smaller set of uncorrelated principal
components.

¢ PCA improves computational efficiency and simplifies data visualization
and interpretation.

¢ The method relies on linear algebra concepts such as covariance matrices,
eigenvectors, and eigenvalues.

¢ FEigenvectors represent directions of maximum variance, while eigenvalues
indicate their importance.

¢ PCA prioritizes directions where data variance is ‘highest, as these often
contain meaningful patterns.

¢ Data standardization is a critical first step to-ensure all features contribute
equally.

¢ Standardization scales features to @ mean of zero and a standard deviation
of one.

¢ The covariance matrix isgealculated to measure relationships between
features.

¢ Positive, negative, or zero covariance indicates how features vary together.

¢ Principal components aréyordered based on the amount of variance they
capture.

¢ The first prificipal component captures the maximum variance, with
subsequent components'being orthogonal.

¢ Dimensionality reduction is achieved by selecting top components that
retain most of the variance.

¢ PCA canreduce a two dimensional dataset to one dimension while preserving
key structure.

¢ In practice, PCA is implemented using Python libraries and supports
improved classification, visualization, and analysis.

—oC—~

@ SGOU - SLM - BSc- Data Science and Analytics - Machine Learning m




Objective Type Questions

10.

I1.

12.
13.

14.

15.

. What technique is used for dimensionality reduction while preserving the

most important information?
PCA transforms correlated features into what kind of components?

Which mathematical objects indicate directions of maximum variance in
PCA?

Which values in PCA indicate the significance of each principal component?

Before applying PCA, what process ensures that features with different
scales are comparable?

What matrix is calculated in PCA to understand the relationship between
features?

Which principal component captures the maximum vatiance in the dataset?
PCA projects the original data onto selected‘@@mponents to treduce what?
In Python, which library is commonly.usedito perform PCA?

In PCA, the sum of squared deviations of data\points is minimized along
which axis?

After PCA, what kind ef'wisualizatien shews data along the principal
components?

PCA helps in removing which type of redundant information?

What is the assumption abeut relationships between variables for PCA to
work effectively?

Which evaluation method compares predicted and actual labels in a
classification task afterfPCA?

PCA is sensitive to improper what of the dataset?

Answers to Objective Type Questions

> » D

PCA
Independent
Eigenvectors
Eigenvalues

Standardization
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6. Covariance

7. PC1

8. Dimensionality

9. Scikit-learn

10. Principal

11. Scatterplot

12. Redundant

13. Linearity

14. Confusion - matrix

15. Scaling

Assignments

1. Explain the concept of Principal Component Analysis (PCA) and its main
objectives in data analysis.

2. Describe the step-by-stepdprocess of PCA, starting from standardization of
data to selection of prin€ipal components.

3. How does PCA use the covariance matrix, eigenvectors, and eigenvalues to
reduce dimensiofiality? {llustrate with an example.

4. What is the'significan€eof the first principal component (PC1) and how is it
different fromythe second principal component (PC2)?

5. Discuss the importanee of standardizing data before applying PCA. What
would happen if standardization is skipped?

6. Explain how PCA can help in handling multicollinearity and noise reduction
in a dataset.

7. Describe how PCA can be implemented in Python using libraries like Pandas,
NumPy, and scikit-learn, including data visualization.

8. [Evaluate the advantages and disadvantages of Principal Component Analysis

and explain scenarios where PCA may not be suitable.

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning



1

Reference

1. Wang, W. (2024). Principles of machine learning: The three perspectives.
Springer.

2. Géron, A. (2022). Hands-on machine learning with Scikit-Learn, Keras, and
TensorFlow (3rd ed.). O’Reilly Media.

3. James, G., Witten, D., Hastie, T., & Tibshirani, R. (2021). An introduction to
statistical learning: With applications in R (2nd ed.). Springer.

Suggested Reading

1. Bhatia, P. (2025). Machine learning with Python.,Cambridge University
Press.

2. Raschka, S., & Mirjalili, V. (2019). Python machine learning(3rd ed.). Packt
Publishing.

3. Burkov, A. (2019). The hundred-page machine learniing book. Andriy
Burkov.

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning @






Unit 1

Introduction to Clustering Techniques

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ define clustering and identify its role in data analysis and real-world
applications

¢ describe the fundamental clustering techniques, ine¢luding partitioning and
hierarchical methods

¢ explain the concept and working steps of theé K-Means clustering algorithm
with simple examples

¢ differentiate between partitioning s€lusteringhand “hierarchical clustering
approaches

¢ explain the concept and working ofithe agglometative hierarchical clustering
method

Prerequisites

We often groupfthings in_our everyday life without even thinking about it. For
example, we might separate fruits by color or size, arrange books by topic, or organize
clothes by type. These activitigs are based on noticing what is similar and what is
different, which is exactly thefidea behind clustering in data analysis.

Before starting this unit, it helps if you are familiar with simple comparisons, like
finding the closest value, spotting patterns, or calculating averages. These everyday
skills form the foundation for understanding how data can be grouped.

In this unit, we will learn how to group data automatically based on their similarities.
You will explore methods that can organize data into separate groups or build a hierarchy
of groups, starting from individual points and gradually combining them into larger
collections. By connecting the way we naturally organize objects in daily life to the
way computers can analyze data, this unit will help you see patterns, relationships, and
structures that may not be obvious at first.

Understanding these ideas will give you a new way to look at data and how it can be
organized efficiently, making it easier to explore, analyze, and make decisions based on
what the data reveals.

.-p,e! .L




Keywords

Clustering, K-Means, Hierarchical Clustering, Dendrogram, Agglomerative Clustering

Discussion

5.1.1 Introduction to Clustering

Clustering is a data analysis technique used to group a set of data objects into
clusters such that objects within the same cluster are highly similar to each other, while
objects in different clusters are significantly different. It is an unsupervised learning
method, meaning that it does not require predefined class labels and instead identifies
natural groupings based on the inherent characteristics of the data. Clustering relies
on similarity or distance measures to determine how closely data objects are related.
It is widely used as an exploratory data analysis tool to discover hidden patterns,
summarize large and complex datasets, and organize data efficiently for further analysis
across various application domains. Some important applicatiomareas of clustering are
discussed below.

1. Business Intelligence

In the field of business intelligence, €lustering 1S commonly used for customer
segmentation. Customers are grouped based on attributes such as age, purchasing
behavior, income level, or preferences. This helps organizations develop focused
marketing strategies and provide personalizedisesvices, thereby improving customer
satisfaction and business perfermance.

Market Research:

Clustering techniques are also used to analyze consumer behavior and identify
hidden patterns in'market«data. This information supports decision-making related to
product developmentiand service improvement.

2. Image and Pattern Recognition

In image processing and pattern recognition, clustering plays an important role. For
example, in handwritten character recognition, clustering helps group similar writing
styles together. This improves the accuracy and efficiency of recognition systems by
identifying common patterns among handwritten samples.

3. Web Search

In web search applications, clustering is used to group search results into related
categories. This enables users to browse results more easily and locate relevant
information quickly.
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5.1.2 Fundamental Clustering Techniques

Clustering methods can be broadly classified into different categories based on how
clusters are formed. Each category follows a distinct strategy for grouping data. The
major basic clustering approaches are described below.

1. Partitioning Techniques

Partitioning techniques divide the dataset into a fixed number of non-overlapping
clusters, where each data object belongs to exactly one cluster. One of the most widely
used partitioning methods is the K-Means algorithm. In this method, the number of
clusters (K) is specified in advance, and the algorithm attempts to reduce the variation
within each cluster.

2. Hierarchical Techniques

Hierarchical clustering methods create a hierarchy of clusters represented in the form
of a tree structure known as a dendrogram. These methods can,be:

¢ Agglomerative (bottom-up) : Each data poifitstarts as an individual cluster,
and similar clusters are gradually merged.

¢ Divisive (top-down) : All data points start'in a single cluster, which is
repeatedly divided into smaller clusters.

Agglomerative hierarchical clustering.is more commonly used in practice.

3. Density-Based Techniques

Density-based clustering methods form g€lusters by identifying regions of high data
density. Points in dense regions are, grodped together, while points in sparse regions
are treated as nois¢ or outlierssThese methods are effective in discovering clusters of
arbitrary shapes. DBSCAN'is a popular example of a density-based clustering algorithm.

4. Grid-Based Techniques

Grid-based clustering methods divide the data space into a fixed number of cells,
forming a grid structure. Clustering is then performed on these cells instead of
individual data objects. The main advantage of this approach is faster computation, as
the processing time depends on the number of grid cells rather than the number of data
points.

In this unit, we will discuss partitioning clustering and hierarchical clustering
methods.

5.1.3 Partitioning Clustering

Partitioning is one of the easiest and most widely used methods of clustering. In
this approach, a dataset is divided into a fixed number of separate and non-overlapping
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groups called clusters. Each data object is placed into only one cluster. The number of
clusters is decided before applying the method and is given as an input to the algorithm.

In simple terms, given a dataset D with n data items and a chosen number of clusters
k (where £ is less than n), partitioning methods divide the data into k meaningful groups.
The main objective is to place similar data items together in the same cluster and keep
dissimilar items in different clusters. This grouping is usually carried out by measuring
the similarity or distance between data items using distance measures such as Euclidean
distance.

Partitioning methods generally follow an iterative process, in which data items are
repeatedly assigned to clusters until a stable grouping is obtained. In this section, we
will learn about the K-Means clustering algorithm.

5.1.3.1 K-Means Clustering

K-Means clustering is one of the simplest and most popular unsupervised machine
learning algorithms for partitioning data into distinct groups @fclusters. The main idea
is to categorize data points such that the points within each group are more similar to
each other than to points in other groups. The "K" in‘Ksmeans represents the number of
clusters you want the algorithm to find in your dataset.

Working of K-means clustering
Step 1: Initialization

The first step in the K-meangdlgorithm is to'decide how many clusters you want to
divide your data into. This number is dedoted by K (hence the name K-means).

1. Randomly Initialize Centreoids

The algorithm theén randomly selects K data points from the dataset and assigns them
as the initial centroids ofithe clusters. A centroid is the center (mean) of each cluster.

2. Assign Data Points to Nearest Centroid

Once you have the initial centroids, the next step is to assign each data point to the
closest centroid. The "closeness" is typically measured using the Euclidean distance
between each point and the centroid.

The Euclidean distance formula in 2D for points (x;,y;) and (x3,¥7) is

. 2 2
Distance = -\/{xg —-x) +0,—y)

3. Update Centroids

After all data points have been assigned to clusters, the centroids of the clusters need
to be updated. The new centroid of each cluster is calculated by taking the mean of all
the data points assigned to that cluster.
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For cluster C the new centroid

1
New Centroid = —Z X;
Ny

=1
Where:
N, is the number of data points in cluster Cj.

X; represents each data point in the cluster.

The summation calculates the mean of all data points in the cluster.

4. Repeat Until Stable

The process of assigning points to the nearest centroid and updating the centroids is
repeated several times. This continues until the centroids stop changing much, or we
complete a fixed number of steps.

5. Final Clusters

After the process stops, each data point belongs tonits closest centroid, forming
groups or clusters. These groups can then bedised for tasks likeddentifying patterns or
organizing data.

Example:

Grouping People Based on Height and Weight

Imagine you're a fitness trainer, and you want to group people into 2 categories:
Group 1: People withilower height anddweight
Group 2: Peopl¢ with highettheight and weight

You have data on 6 individuals who have shared their height and weight measure-
ments. You want to use K-Means clustering to organize them into two groups.

Here is the data:
Table 5.1.1 Height & weight data

Person | Height | Weight
A 150 50
B 160 55
C 175 70
D 180 75
E 145 45
F 170 65
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Step 1: Decide the Number of Groups (K)

You want to divide the people into 2 groups based on their height and weight.
So, K=2.

Step 2: Choose Initial Centroids

Now, you randomly pick 2 people to act as the starting points (centroids) for your 2
groups. These centroids are just initial guesses of where your groups might be.

¢ Centroid 1 (C1): Person A (Height = 150 cm, Weight = 50 kg)
¢ Centroid 2 (C2): Person D (Height = 180 cm, Weight = 75 kg)
Step 3: Assign Each Person to the Nearest Centroid

Now, you calculate the distance between each person and the two centroids. We'll
use the Euclidean distance formula to calculate the distan¢e between the person and
each centroid.

Distance = \/ (x; — x;)° +or — v1)°
Where:
x;,v; are the coordinates of the centroid.

x5, ¥, are the coordinates of the individual.

Person A (150 cm, 50 kg) to €Centroid 1{(150 cm, 50 kg):

d(A, CI)= /(150 £150)% + (50 — 50)°
So, Person A is assigned to Centroid 1.

Person A (150 cm, 50:Kg) to Centroid 2 (180 cm, 75 kg):

d(4,C2) = /{150 — 180)° + (50 — 75)°=\[(=30)* + (=25)°

=000 + 625 = 1525 ~ 39.05
So, Person A is closer to Centroid 1.

Repeat for other people:

¢ Person B (160 cm, 55 kg):

Distance to Centroid 1: = /(160 — 150)? + (55 — 50)°

=100+ 25 =125~ 1118

Distance to Centroid 2: = /(160 — 180)° + (55 — 75)2
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= /400 + 400 = \/800 ~ 28.28

Person B is closer to Centroid 1.

¢ Person C (175 cm, 70 kg):

Distance to Centroid 1:= /(175 — 150)? + (70 — 50)°

=625 + 400 = 1025 ~ 32.02

Distance to Centroid 2: = /(175 — 180)? + (70 — 75)°
=254+25 =50~ 7.07
Person C is closer to Centroid 2.

¢ Person D (180 cm, 75 kg):

Distance to Centroid 1:= /(180 — 150)? +{(Z5 — 50)°

=000 + 628 =1525 ~39.05

Distance to Centroid 2: = \/(780/= 180)> + (75— 75)° =0
Person D is closer to Centroid 2.

¢ Person E (145 cm, 45 kg):

Distance to Cefitroid 1:'=4/(7454 150)% + (45 — 50)°

=25+ 25 =50~ 7.07

Distance to Centr@id2” = /(745 — 180)° + (45 — 75)?

=1225 4+ 900 =/2125 ~ 46.12

Person E is closer to Centroid 1.

¢ Person F (170 cm, 65 kg):

Distance to Centroid 1: = /(170 — 150)? + (65 — 50)°

=400 + 225 =625 ~ 25

Distance to Centroid 2: = /(770 — 180)° + (65 — 75)°
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=100 + 100 = /200 ~ 14.14
Person F is closer to Centroid 2.
Step 4: Update the Centroids

Now, you have grouped the students, and it's time to update the centroids (find the
new group center). We’ll calculate the average height and weight of each group.

New Centroid for Group 1:

New Height : w = 151.67cm

New Weight : 50+5j+40 = 50kg

So, the new Centroid 1 is (151.67 cm, 50 kg).
New Centroid for Group 2:
People in Group 2: C, D, F

. 175+180+170 -
New Height : ———— = 175cm

. T0+75+65
New Weight :

= /0kg.
So, the new Centroid 2 is (175 ¢, 70 kg).

Step 5: Reassign People Based on the New Centroids

Now that the centrzoids have been updated, we check again if the students need to be
reassigned to the néw centroids.

2

Person A (150 cm, 50 kg): Closer to Centroid 1 (151.67 cm, 50 kg) — Group 1.
¢ Person B (160 cm, 55kg): Closer to Centroid 1 (151.67 cm, 50 kg) — Group 1.
¢ Person C (175 cm, 70 kg): Closer to Centroid 2 (175 cm, 70 kg) — Group 2.
¢ Person D (180 cm, 75 kg): Closer to Centroid 2 (175 cm, 70 kg) — Group 2.
¢ Person E (145 cm, 45 kg): Closer to Centroid 1 (151.67 cm, 50 kg) — Group 1.
¢ Person F (170 cm, 65 kg): Closer to Centroid 2 (175 cm, 70 kg) — Group 2.

Step 6: Stop When Groups Stabilize

After updating the centroids and reassigning the students, you can see that no
one needs to switch groups anymore. The groups have stabilized, and the process is
complete.
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Final Groups:

¢ Group 1 (Centroid: 151.67 cm, 50 kg): Students A, B, E (Shorter and lighter
students)

¢ Group 2 (Centroid: 175 cm, 70 kg): Students C, D, F (Taller and heavier
students)

5.1.4 Hierarchical Clustering

Hierarchical clustering is a way to group objects (like people, animals, or data
points) based on how similar they are to each other. The goal is to build a "hierarchy"
of clusters, which means we can organize objects from individual points all the way to
bigger groups.

This method is particularly useful because:

¢ You don’t need to decide how many groups you want in advance.

¢ You can look at the structure of the groups andidecide later,

To achieve this, hierarchical clustering builds a, tree-like.diagram, known as a
dendrogram, which shows how individual points or ‘smaller groups are merged into
larger groups step by step.

Dendrogram:

A dendrogram is a tree-like diagram that illustrates the arrangement of
clusters created through hierarchical clastering.

]
n 1]

5.1.4.1 Types of Hierarchical Clustering

There are two main types of hierarchical clustering:
1. Agglomerative (Bottom-Up) : This is the most common method. It starts

with each point (or object) as its own group, and then it keeps combining the
most similar groups together until there is one big group.
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2. Divisive (Top-Down) : This approach works the opposite way. It starts with
one big group and keeps splitting it into smaller and smaller groups until
every point is its own group.

5.1.4.2 Agglomerative Clustering

Agglomerative clustering is a hierarchical clustering method that follows a bottom-up
approach, where each data point starts as an individual cluster, and similar clusters are
progressively merged until a single cluster or a predefined number of clusters is formed.

Agglomerative clustering works by gradually merging the closest groups. Here’s
how it goes step by step:

1. Start with each object as its own group.

2. Find the two closest objects (based on similarity, like distance) and merge
them into a new group.

3. Repeat this process, always looking for the two closestigroups, and merge
them.

4. Continue this until all objects are grouped into one single group.

Example of Agglomerative Clustering

Let’s use an example with 4 friends to see how this works. Each friend likes different
activities:

¢ Alex likes playing sports.
¢ Helen likes playing sports.
¢ Daive likes(reading beeks.

¢ Alice likes reading books

Fig. 5.1.1 Data points
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Step 1: Start with individual groups

¢ Alex, Helen, Daive, and Alice are each in their own group.

¢ So, at first, we have 4 groups: Alex | Helen | Daive | Alice.

Fig. 5.1.2 Four Individual group

Step 2: Find the two most similar friends

¢ Alex and Helen both love playing sports, so they ar¢'the most similar.
¢ We merge Alex and Helen into one group.

¢ Now, we have 3 groups: (Alex, Helen) | Daive| Alice.

@Eﬁ

Fig.'5.1.3 Result of step 2

Step 3 : Find the next most similar group

¢ Daive and Alice both love reading books, so they are the next most similar.
¢ We merge Daive and Alice into one group.

¢ Now, we have 2 groups: (Alex, Helen) | (Daive, Alice).

Fig. 5.1.4 Result of Step 3
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Final merge:

¢ The last two groups, (Alex, Helen) and (Daive, Alice), are merged into one
final group.

¢ Now, we have 1 big group: (Alex, Helen, Daive, Alice).

CHCECRS

Fig. 5.1.5 Final Dendrogram
Example of Agglomerative Clustering with Distance Caleculation

Let’s say you are organizing a group of students based on their height. The idea is to
group students who are similar in height together. Herg's the data for 4 students:

¢ Rose: 160 cm
¢ Bob: 170 cm
¢ James: 180 m
¢ Gana: 175 cm

We will use Euclideamdistance to calculate the distance between the students. The
Euclidean distance is just the straight-line distance between two points.

Step 1: Start with individual groups

Each student starts in their own group:
¢ Group 1: Alex (160 cm)
¢ Group 2: Beth (170 cm)
¢ Group 3: Charlie (180 cm)

¢ Group 4: Dana (175 cm)
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Fig. 5.1.6 Individual data groups

Step 2: Calculate the distances between each pair of students

Now, we calculate the Euclidean distance between each pair of students. In this case,
the formula for Euclidean distance in one dimension (height) is simply the absolute
difference between their heights.

¢ Distance between Rose (160 cm) and Bob (170 cm):
Distance = |160— 170| = 10em

¢ Distance between Rose (160 cm) and James (180 cm):

Distance = |160— 180 = 20 em

¢ Distance between Rose (160 cm) and/Gana (175 em):

Distance = |160—175| = I5cm

¢ Distance between Bob (170 em) and James (180 cm):

Distance = |170— 180| = I0cm

¢ Distance between Bob (170'¢m) and Gana (175 c¢cm):

Distafice = |170— 175| = 5cm

¢ Distance between James (180 cm) and Gana (175 c¢m):

Distance = |180 — 175 = 5cm

Step 3: Find the closest pair of groups

Now that we have all the distances, we look for the two closest groups (the ones with
the smallest distance):

¢ The smallest distance 1s 5 cm, which is between Bob (170 cm) and Gana
(175 cm), and also between James (180 cm) and Gana (175 cm).

For simplicity, let’s choose Bob and Gana to merge first (though, in some cases, you
may have a tie and can choose any pair).
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Step 4: Merge the closest groups

We now merge Beth and Dana into a single group:

¢ New Group 1: (Bob, Gana) — 170 cm and 175 cm
¢ Group 2: Rose (160 cm)

¢ Group 3: James (180 cm)

©

Fig. 5.1.7 Groups after step 4

Step 5: Calculate the distances again

Now, we recalculate the distances between.the.new groups. We need to calculate
the distance between the merged group (Béb, Gana) and the other groups (Rose and
James):

¢ Distance between (Bob, Gana),[170 cm; 175 cm| and Rose (160 c¢cm):

We take the average height/of the merged group:

| 170+ 175 ]
Averageheight = —— 4y = 1725 cm

Distanice =\ |172.5 — 160| = 12.5 cm

¢ Distance between (Bob, Gana) [170 cm, 175 cm] and James (180 c¢cm):

Distance = |172.5— 180| = 7.5em

Step 6: Find the next closest pair
The smallest distance is 7.5 cm between (Bob, Gana) [172.5 cm] and James (180 cm).

We merge these two groups:

¢ New Group 1: (Bob, Gana, James)-(172.5 cm, 170 cm, 180 cm)

¢ Group 2: Rose -(160 cm)
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Fig. 5.1.8 Groups after step 6
Step 7: Final merge

Now, the last two groups are (Bob, Gana, James) and Rose. We calculate the distance
between these groups:

Distance between (Beth, Dana, Charlie) [172.5 cm, 175 cm, 180 cm} and Alex (160 cm):
Average height of the merged group:

17254475 + 150,

3 173.83 cm

Average height =

Distance = |175.83 —,160| = 45.83 cm
Finally, we merge Rose andthe group{Bob, Gana, James) into one final group:

Final Group: (Alex, Beth, Dana, Charlie

(Bob, Gana, James, Rase)

(Bob, Gana, James)

(Bob, Gana)

Bcb @ @

Fig. 5.1.9 Final Dendrogram
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Recap

Clustering is an unsupervised learning technique used to group similar data
objects together.

Data objects within the same cluster are more similar to each other than to
objects in other clusters.

Clustering does not require predefined class labels.

Partitioning clustering divides a dataset into a fixed number of non-
overlapping clusters.

The number of clusters is decided in advance.

The aim is to minimize distance within clusters and maximize distance
between clusters.

K-Means is a partitioning clustering algorithm.

It assigns data points to the nearest cluster céntroid.

The centroids are updated repeatedly unfil'the clusters beeome stable.
Hierarchical clustering creates a hierarchy of clusters.

It represents cluster formation usingatree-like structure called a dendrogram.
There are two types of Aierarchicalclustering: agglomerative and divisive.

Agglomerative clustering follows a bottom-up approach by merging similar
clusters.

Divisive clastering follows a top-down approach by splitting clusters.
Agglomerative clustering starts with each data object as an individual cluster.

Similar clusters are merged step by step based on distance or similarity
measures.

Objective Type Questions

Col e

What type of learning is clustering?

Which method divides data into a fixed number of clusters?
Which clustering algorithm uses centroids to form clusters?
What is the term for the center of a cluster in K-Means?

Which clustering method builds a tree-like structure?
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What diagram represents hierarchical clustering?
Which hierarchical approach starts with individual points and merges them?

Which hierarchical approach starts with one cluster and divides it?

SORICORE 1RO

What distance measure is commonly used in K-Means?

10. What is the primary goal of clustering?

Answers to Objective Type Questions

—

Unsupervised
Partitioning
K-Means
Centroid
Hierarchical
Dendrogram
Agglomerative

Divisive

2 gL =& e '’ o R

Euclidean

10. Similarity

Assignments
1. Explain the concept of clustering and its importance in data analysis.
2. Describe the difference between partitioning and hierarchical clustering.
3. Using an example, illustrate how K-Means clustering groups data points.
4. Explain what a dendrogram is and how it is used in hierarchical clustering.
5. Give areal-life example where clustering can be applied and explain why.
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Unit 2
Scalable and Density based Clustering

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ define clustering as an unsupervised learning technique

¢ explain the applications of clustering in real-world domains

¢ compare scalable clustering methods with traditional'€lustering techniques
¢ describe the BIRCH clustering algorithm andhits key components

¢ explain the working of density-based clustering with reference to DBSCAN
Prerequisites

Imagine you are organizing a large cupboard ora library. To make things easier, you
naturally place similar items together-books by subject, clothes by type, and documents
in separate labeled folders. You already know that such grouping saves time, reduces
confusion, and helps yoetquicklysfind what you need. In your earlier studies, you have
also worked with basic data such as'numbers, tables, and simple charts, and you may
have compared values, caleulated averages, or observed patterns in data.

You are also familiar with the idea that not all items fit neatly into a group—some
may look different or netibelong anywhere, just like misplaced or rarely used items.
This unit builds on these everyday experiences and basic analytical skills. Instead of
organizing physical objects, you will learn how computers group large volumes of data
automatically using clustering techniques. By connecting your existing understanding
of similarity, grouping, and basic analysis, this syllabus introduces scalable and density-
based clustering methods such as BIRCH and DBSCAN, which are specially designed
to handle large datasets and identify meaningful patterns as well as unusual or outlier
data in real-world data science applications.

Keywords

Clustering, Scalable clustering, Density-based clustering, BIRCH, DBSCAN




Discussion

5.2.1 Overview of Clustering

Clustering is a technique in machine learning and data analysis that involves
organizing a set of data items into meaningful groups, known as clusters. The primary
objective of clustering is to ensure that data items within the same cluster exhibit a high
degree of similarity, whereas data items belonging to different clusters are significantly
dissimilar. Clustering is classified as an unsupervised learning method, as the grouping
process is performed without the use of predefined labels or categories.

Clustering operates by evaluating the similarity or distance between data items using
appropriate measures, such as distance metrics or density-based concepts. Based on
these evaluations, clustering algorithms automatically identify natural groupings within
the dataset. This technique is particularly useful when analyzing large datasets, where
manual classification or analysis is impractical or infeasible.

5.2.2 Applications of Clustering

Clustering is widely used in many real-world applieations where large volumes of
data need to be analyzed and understood. By_groupingisimilar data items together,
clustering helps in discovering hidden patterns, structures,and relationships within
data. Some important applications of clustering are explained below:

1. Customer Segmentation

In business and marketing,/lusteringds used to group customers based on similar
characteristics such as purchasing beghavior; spending habits, age, or interests. By
identifying these groups, companies can/design targeted marketing strategies and
personalized servicesdFor example, an online shopping platform clusters its customers
into groups such a$ frequent.buyers, occasional buyers, and low-spending customers.
Based on these clustersgthe company offers special discounts to frequent buyers and
promotional offers to occasional buyers.

2. Image and Pattern Recognition

Clustering is widely used in image processing to group pixels or image regions
that have similar properties such as color, intensity, or texture. This process helps in
segmenting an image into meaningful parts. For example, in medical imaging, clustering
is used to separate healthy tissue from abnormal tissue in MRI or CT scan images,
assisting doctors in identifying tumors or infections.

3. Document and Text Analysis

In document and text mining, clustering helps group documents that share similar
content or topics. This makes it easier to organize, search, and retrieve information
from large document collections. For example, a news website clusters articles into
categories such as sports, politics, technology, and health based on their content, even
if the articles are not manually labeled.
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4. Medical and Healthcare Analysis

Clustering is used in healthcare to group patients with similar symptoms, medical
histories, or responses to treatment. This helps in disease diagnosis, treatment planning,
and medical research. For example, patient records are clustered to identify groups of
patients with similar symptoms of diabetes, allowing doctors to recommend suitable
treatment plans for each group.

5. Social Network Analysis

In social networks, clustering is used to identify communities or groups of users
who have similar interests or strong interactions with one another. This helps in
understanding social behavior and improving recommendation systems. For example, a
social media platform clusters users based on their likes, comments, and shared interests
to recommend new friends or relevant content.

6. Anomaly and Outlier Detection

Clustering can also be used to detect data points that do not'belong to any cluster.
Such points are considered anomalies or outliershand often represent unusual or
suspicious behavior. For example, in banking systéms, clustering helps identify
abnormal transaction patterns that may indicatefraudulent activity, such as unusually
large withdrawals or purchases.

5.2.3 Scalable Clustering Method

Scalable clustering is a clustering approach designed to efficiently handle very
large datasets, addressing the limitatiens of traditional clustering methods such as
hierarchical clustering and k-means clustering discussed in Unit 1. Hierarchical
clustering requires thescomputation and storage of distance matrices and repeatedly
merges or splits clisters, making it computationally expensive and unsuitable for
large datasets. K-means clastering, although faster than hierarchical methods, requires
multiple iterations over the entire dataset, needs the number of clusters to be specified
in advance, and is sensitive todnitial centroid selection. In contrast, scalable clustering
techniques focus on reduemg computation and memory usage by summarizing data
using compact representations, processing data incrementally, and limiting the number
of passes over the dataset. These methods are better suited for large, dynamic, and real-
world datasets, often support incremental or streaming data, and provide acceptable
clustering quality while maintaining efficiency, making them essential for modern data
science applications involving big data.

5.2.3.1 BIRCH Clustering

BIRCH (Balanced Iterative Reducing and Clustering using Hierarchies) is a scalable
clustering algorithm designed to efficiently handle very large datasets. Unlike traditional
methods such as k-means or hierarchical clustering, which may slow down or require
huge memory for big datasets, BIRCH summarizes data in a compact way and organizes
it in a tree structure, making it both fast and memory-efficient. In simple terms, BIRCH
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is like organizing a huge library by first grouping similar books into small piles, then
arranging those piles into larger sections, without reading every book individually.

The core idea of BIRCH is to summarize data points into small subclusters called
Clustering Features (CFs) and organize these CFs in a CF Tree. This allows the
algorithm to process data incrementally, which is ideal for large or streaming datasets.
The CF Tree captures essential information about clusters, such as the number of points,
their sum, and squared sum, so detailed computations on all individual points are not
required. This makes BIRCH particularly suitable for large datasets where efficiency
and memory management are important.

5.2.3.2 Key Components of BIRCH

1. Clustering Feature (CF)

A Clustering Feature is a compact summary of a subcluster. Instead of storing all
individual data points, BIRCH stores only the essential information needed to describe
the cluster:

¢ Number of points (N) : how many data points,are in the subcluster.
¢ Linear sum (LS) : the sum of all dataspoints,(used to caleulate the mean).

¢ Squared sum (SS) : the sum of Squares of data points (used to calculate
variance or spread).

Example: Imagine a small box of similar appléspinta warehouse. Instead of counting
each apple individually, you just note thé number of apples, their total weight, and the
sum of their squared weights t0 underStand their average size and variation.

2. CF Tree

The CF Tree is a height=balanced tree structure that organizes CFs. It allows BIRCH
to efficiently insert new points and summarize clusters.

¢ Leaf nodes: Contain actual subclusters (CFs) representing groups of similar
points.

¢ Internal nodes: Help organize and merge subclusters efficiently.

¢ Threshold & branching factor: Control the size of subclusters and the number
of child nodes, affecting how tightly data is summarized.

Example: Think of the CF Tree like a library shelf:

¢ Each small box of apples is a leaf (CF).
¢ The shelves that organize multiple boxes are internal nodes.

¢ The arrangement ensures everything fits efficiently without wasting space.
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3. Incremental Processing

BIRCH can process data incrementally, meaning points can be added one by one.
This makes it ideal for streaming data or very large datasets because it doesn’t require
rescanning all the data each time a new point arrives.

Example: New shipments of apples arrive daily. Instead of rechecking all existing
boxes, you can simply add them to the appropriate existing box or create a new one,
updating your summaries quickly.

4. Optional Global Clustering

After building the CF Tree, a global clustering step (like k-means) can be applied
to the leaf nodes for refining clusters. This ensures the final clusters are more accurate,
especially if clusters have overlapping or irregular shapes.

5.2.3.3 Working of BIRCH Clustering Algorithm

The BIRCH algorithm works by incrementally building a eompact tree structure
(CF Tree) that summarizes large datasets and forms clusters efficiently. The process
involves inserting data points one by one, updating cluster summaries, and organizing
them into a hierarchical structure.

Step 1: Initialize the CF Tree

The algorithm begins by creating an empty CF Tree with two important parameters:
threshold and branching factor,«The ‘threshold, controls the maximum size (radius)
of subclusters, while the bran¢hing factetidetermines the maximum number of child
nodes. These parameters ensure that the tre¢ remains compact and balanced.

Step 2: Insert Data Points

Each data point/from thedataset is taken one at a time and inserted into the CF Tree.
The algorithm finds the'closest leaf node (subcluster) based on distance. The Clustering
Feature (CF) values, N (numbet of points), LS (linear sum), and SS (squared sum) are
updated accordingly.

Step 3: Check Threshold Condition

After inserting a point, the algorithm checks whether the size of the subcluster
exceeds the threshold value. If the threshold is not violated, the point is absorbed into the
existing subcluster. This helps maintain compact clusters without unnecessary splitting.

Step 4: Split Nodes if Required

If the threshold is exceeded, the leaf node is split into two subclusters. This split may
propagate upward, causing internal nodes to split as well. This ensures that the CF Tree
remains balanced and does not grow beyond its limits.
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Step 5: Build CF Tree Incrementally

The above steps are repeated for all data points in the dataset. As more points are
inserted, the CF Tree grows and organizes similar data into subclusters. This incremental
approach avoids repeated scanning of the dataset, making the algorithm efficient for
large data.

Step 6: Optional Global Clustering

Once the CF Tree is fully constructed, the leaf nodes (subclusters) can be further
clustered using a global clustering algorithm such as k-means. This step refines the
clusters and improves accuracy, especially when clusters overlap or are not well
separated.

5.2.3.4 Advantages of BIRCH Clustering

¢ Efficientforlarge datasets: BIRCH processes data using compact summaries
instead of handling all data points directly. This reduees computation time
and makes it faster for large-scale data.

¢ Memory efficient: It uses a CF Tree structure to store summarized cluster
information rather than full data. This mimimizes memoryssage and allows
handling of very large datasets.

¢ Supports incremental data: BIRCH can insert new data points into the
existing CF Tree without reprocessing the entire dataset. This makes it
suitable for dynamic or streaming data environments.

5.2.3.5 Limitations of BIRCH Clustering

¢ Sensitive tosthreshold value:sThe threshold parameter controls the size
of subclusters in the?CF, Tree. An inappropriate value can either increase
memory usageror reduce clustering accuracy.

¢ Not suitable forpirregular-shaped clusters: BIRCH works well for
compact and spherical clusters based on distance measures. It may fail to
correctly identify clusters with complex or arbitrary shapes.

5.2.4 Density based Clustering

Density-based clustering is a clustering approach that forms clusters based on the
density of data points in a given region of the data space. Instead of grouping points
based on distance from a central point (as in k-means) or building a hierarchy of
clusters (as in hierarchical clustering), density-based clustering identifies clusters as
continuous regions where data points are densely packed, separated by regions of low
point density. This makes it especially useful for discovering clusters of arbitrary shapes
and for handling noise or outliers in real-world datasets.

In density-based clustering, a cluster grows by connecting neighboring points that
lie within a specified distance and satisfy a minimum density condition. Points that
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belong to dense regions form part of a cluster, while points that lie in sparse regions
are labeled as noise. Unlike k-means, the number of clusters does not need to be
specified in advance, and unlike hierarchical clustering, density-based methods are
more robust to noise. A well-known example of a density-based clustering algorithm is
DBSCAN, which uses parameters such as neighborhood radius and minimum points to
identify dense regions. Overall, density-based clustering is widely used in data science
applications where clusters have complex shapes and datasets contain outliers.

5.2.4.1 DBSCAN

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is a
density-based clustering algorithm that groups data points by identifying regions of
high data density separated by regions of low density. Unlike traditional clustering
methods such as k-means and hierarchical clustering, DBSCAN does not require the
number of clusters to be specified in advance. It can discover clusters of arbitrary shapes
and explicitly identifies noise and outliers, making it well suited for real-world datasets
that contain irregular patterns and sparse data points.

Working of DBSCAN

DBSCAN works by identifying dense regions of dataypoints and grouping them into
clusters, while treating isolated points as noisedASishown in the figure 5.2.1, the algo-
rithm mainly depends on two parameters: Epsilon (¢)and MinPts.

Working o DBSCAN
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Fig. 5.2.1 Working of DBSCAN
Step 1: Understanding the Parameters
In the figure 5.2.1, Epsilon (g) represents the radius of a circular neighborhood

around a data point. MinPts is the minimum number of points that must exist inside this
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circle for a region to be considered dense. For example, if MinPts = 4, then at least four
points must lie within the e-radius of a point to form a meaningful group.

Step 2: Classifying Data Points

Based on the number of neighboring points within €, DBSCAN classifies points into
three types, as illustrated in the figure 5.2.1:

¢ Core Point : A point is called a core point if it has MinPts or more points
(including itself) within its e-neighborhood. In the figure 5.2.1, the red point
surrounded by many nearby points is a core point. Core points form the
backbone of a cluster.

¢ Border Point : A border point lies within the e-neighborhood of a core point
but does not have enough neighbors on its own to be a core point. In the
figure 5.2.1, the blue point is a border point. Border points belong to a cluster
but cannot expand it further.

¢ Noise Point : A noise point does not fall within the e-neighborhood of any
core point. These points are isolated and do fi6t belong to any cluster. In the
figure 5.2.1, the white or isolated points represent,noise.

Step 3: Expanding the Cluster

Once a core point is identified, DBSCAN starts expanding the cluster. It adds
all points within the g-neighborhood of that,core point to the same cluster. If any of
these newly added points are also core points, theif neighbors are further added. This
expansion continues until no more density=connected points can be included.

As shown in the figure 5.2.1, starting from a dense region, DBSCAN gradually
expands outward, foriming naturally _shaped clusters (Cluster 1 and Cluster 2) while
ignoring noise points.

Step 4: Final Clusters

After processing all pointSgDBSCAN produces:

¢ Clusters of arbitrary shapes (not just circular),
¢ Clearly identified noise points,

¢ No need to specify the number of clusters in advance.
5.2.4.2 Advantages of DBSCAN Clustering

¢ Finds clusters of arbitrary shape: DBSCAN can identify clusters of any
shape because it is based on density rather than distance from a center. This
makes it suitable for real-world datasets where clusters are irregular.

¢ Handles noise effectively: DBSCAN clearly identifies points that do not
belong to any cluster as noise. This helps in detecting outliers and improving
clustering quality.

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning

o



¢ No need to specify number of clusters: DBSCAN automatically determines
the number of clusters based on data density. This removes the need for prior
knowledge about the dataset.

5.2.4.3 Limitations of DBSCAN Clustering

¢ Sensitive to € and MinPts: The performance of DBSCAN depends heavily
on the choice of ¢ (radius) and MinPts (minimum points). Incorrect values
can lead to poor clustering or excessive noise detection.

¢ Notsuitable for varying density datasets: DBSCAN assumes clusters have
similar density across the dataset. It may fail when clusters have different
densities, merging some clusters or splitting others incorrectly.

Recap

¢ Clustering is an unsupervised machine learning technique used to group
similar data items into meaningful clusters based on similarity or density.

¢ Clustering is widely applied in real-world "demains such as customer
segmentation, image processing, doctimeént analysis, ealthcare, social
networks, and anomaly detection.

¢ Scalable clustering methods are deésigned to efficiently handle large datasets
by reducing computation and. memory, requirements compared to traditional
clustering techniques.

¢ BIRCH is a scalable|¢lustering algorithm that summarizes large datasets
using clustering features and organizes them in a CF Tree for efficient
processing.

¢ Thekey component§ of BIRCH include clustering features, CF Tree structure,
incremental'dataprocessing, and optional global clustering for refinement.

¢ Density-based clustefing identifies clusters as dense regions of data points
and treats sparse points as noise or outliers.

¢ DBSCAN is a density-based clustering algorithm that forms clusters based
on neighborhood density and does not require the number of clusters in
advance.

¢ DBSCAN classifies data points into core points, border points, and noise
points based on density conditions.

¢ DBSCAN expands clusters by connecting density-reachable points and
produces clusters of arbitrary shapes while handling noise effectively.
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What type of learning does clustering belong to?

What is the main purpose of clustering?

What measure is commonly used to compare data points in clustering?
Which clustering algorithm is suitable for large datasets?

What does BIRCH stand for?

What compact summary is used in BIRCH?

What tree structure is used in BIRCH?

What type of data handling is supported by BIRCH?

Which clustering approach groups data based on density?

. Which density-based algorithm is widely used?
. What parameter defines neighborhood radius in DPBSCAN?
. What parameter defines minimum points in DBSCAN?

. What are isolated points called in DBSCAN?

Answers to Objective TypéQuestions

1.
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Unsupervised

Grouping

Distance

Scalable

Balanced Iterative Reducing and Clustering using Hierarchies
CF

CFTree

Incremental

Density-based

. DBSCAN
. Epsilon
. MinPts

. Noise
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Assignments

1. Explain the concept of clustering and discuss its importance in data analysis
with suitable examples.

2. Describe the applications of clustering in real-world scenarios such as
business, healthcare, or social networks.

3. Explain the need for scalable clustering methods and compare them with
traditional clustering techniques.

4. Describe the BIRCH clustering algorithm and explain its key components
with examples.

5. Explain the working of DBSCAN and discuss how it identifies noise and
outliers in a dataset.
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Unit 3
Advanced Clustering Methods

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ explain how Fuzzy C-Means (FCM) handles overlapping intensities in MRI
and CT scans by assigning partial membership values to pixels

¢ differentiate FCM segmentation from hard clusteringimethods like K-means
in the context of medical images with fuzzy tissue boundaries

¢ demonstrate how FCM produces smooth tisstie transitions inymedical image
segmentation through soft classification

¢ cvaluate the suitability of FCM for applications such asbfain tumor detection,
lung CT analysis, and lesion identification

Prerequisites

Traditional clustering methods like K-means assign each data point to exactly one
cluster, which works wellifor clearly separated data but struggles when clusters overlap
or boundaries are un€ertain. In real-wéfld scenarios such as medical imaging or satellite
imagery data points oftendelong partially to multiple groups. For example, in a brain
MRI, gray matter, white matter, and tumors may have overlapping intensity values,
making hard assignments inag€urate. These limitations motivated the development of
soft clustering methods like ' Fuzzy C-Means (FCM), which allow data points to belong
to multiple clusters with varying degrees of membership, providing smoother and more
realistic groupings.

Similarly, Gaussian Mixture Models (GMM) address another limitation: traditional
clustering assumes spherical clusters of similar size, which fails for complex datasets
with clusters of different shapes or densities. GMM uses a probabilistic approach,
modeling data as a mixture of multiple Gaussian distributions, allowing clusters to take
different shapes and better fit the underlying data distribution. Together, FCM and GMM
overcome the shortcomings of traditional methods, making them ideal for applications
in medical imaging, remote sensing, pattern recognition, and anomaly detection, where
uncertainty and overlapping clusters are common. Learning these methods equips
students with tools to handle real-life, complex datasets effectively and accurately.




Keywords

Fuzzy membership, MRI segmentation, overlapping intensity, medical imaging, soft
clustering

Discussion

5.3.1 Introduction to advanced clustering methods

Clustering is the process of grouping similar data points so that objects within the
same group share common characteristics. Traditional clustering algorithms such as
K-Means perform well when the clusters are clearly separated and spherical in shape.
However, real-world data is rarely this simple. Data may contain overlapping clusters,
uncertain boundaries, and irregular shapes. To handle such complexities, advanced
clustering techniques like Gaussian Mixture Models (GMM) and Fuzzy C-Means
(FCM) are used. These methods allow soft clustering, meaning that data points can
belong to more than one cluster with certain probabilities or membership degrees.

5.3.2 Gaussian Mixture Models (GMM)

A Gaussian Mixture Model is a probabilistic clusteringimethod that assumes the
dataset is generated from a mixture of seyeral Gaussian (Normal) distributions. Each
cluster is represented by a Gaussian component defined by its mean, covariance, and
mixing coefficient. Unlike hard clustering methods whete each point is assigned to only
one cluster, GMM provides soft assignments, meaning each point belongs to every
cluster with a certain probability. This approach is especially powerful when clusters
overlap or when data is noisy. GMM is widely used in machine learning, pattern
recognition, anomaly detection,, image processing, and many other domains where
flexible modeling ofdata distributionsisifequired.

5.3.2.1 Gaussianm\Distributions as Clusters

A Gaussian distribution indone dimension produces a bell shaped curve. In two or
more dimensions, the curve becomes an elliptical shape, which makes GMM far more
flexible compared to K-Means. While K-Means assumes all clusters are spherical and
of equal size, GMM allows each cluster to have different sizes, shapes, and orientations
through covariance matrices.
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Fig. 5.3.1 Gaussian distributions representing clusters in a GMM

A Gaussian distribution in one dimension produces the familiar bell-shaped curve,
but when extended to two or more dimensions, it transforms int@han elliptical shape.
This property gives Gaussian Mixture Models (GMM) far greater flexibility than
K-Means, which assumes that all clusters are spherical, equally sized, and oriented in
the same way. In contrast, GMM allows each cluster to adoptits own shape, size, and
orientation through covariance matrices that adapt to the underlying data structure. Fig.
5.3.1 illustrates this difference clearly: the left plot shows the raw data before clustering,
where no obvious grouping is visible, while,the right plot displays the results after
applying GMM. Here, three cluSters appear, each represented by an ellipse that reflects
its Gaussian distribution. These ellipsés ean stretch, rotate, and overlap, capturing
the real variability in the dataset. Because/GMM assigns each point a probability of
belonging to every clustéfrather than foreing a single hard assignment, the boundaries
between clusters be€ome smooth andnatural. This probabilistic, flexible representation

makes GMM especially effective for real-world datasets where clusters are not perfectly
separated or uniformly shaped.

Clusters
® 0
® 1
e 2

3

Feature 0

-1 0 1 2 3 4
Feature 1

Fig. 5.3.2 Elliptical GMM Clusters
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Fig 5.3.2 shows how Gaussian Mixture Models (GMM) form clusters when the data
does not follow simple round shapes. Each group of points has its own long, tilted
elliptical boundary, showing the natural direction and spread of the data. These ellipses
represent the Gaussian distributions learned by the model. Unlike K-Means, which
forces all clusters to look like circles, GMM allows clusters to stretch, rotate, and
overlap. This means the model can follow the actual pattern of the data more closely.
The colored points belong to different clusters, and the shaded ellipses show how each
Gaussian component covers the data in that region. Because GMM uses probabilities,
a point can partially belong to more than one cluster, which is why the ellipses overlap
smoothly. Overall, the figure demonstrates that GMM can handle complex cluster
shapes in a way that simpler methods cannot.

5.3.2.2 Essential Characteristics of Gaussian Mixture Models

GMMs describe a dataset as a combination of several Gaussian distributions. Each
Gaussian component is defined by three key parameters:

¢ Mean (p) : Represents the center of the cluster

¢ Covariance Matrix (X) : Indicates the spread, shape, and orientation of the
cluster

¢ Weight (m) : Reflects the propoftion of data, points belonging to that
component

This structure enables GMM.tonrepresent dataddistributions that are elliptical,
overlapping, or unevenly shaped.

Key Features of GMM

1. Mixture of Multiple Gaussians

A GMM is a weighted sum of several Gaussian distributions. Each Gaussian models
a different group or pattern in the data.

2. Probabilistic (Soft) Clustering

Unlike k-means, which assigns each point to only one cluster, GMM provides the
probability that a point belongs to each cluster. This is known as soft assignment and is
useful when clusters overlap.

3. Flexible Covariance Structure
GMM models the full covariance matrix of each cluster.
This allows clusters to be:

¢ Elliptical
¢ Tilted / rotated

¢ Wide or narrow
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Thus, GMM can capture complex patterns that k-means cannot.

4. Expectation Maximization (EM) Algorithm

GMMs are typically trained using the EM algorithm, an iterative process with two
steps:

1. Expectation Step (E-step) : Estimate the probability of each data point
belonging to each Gaussian component

2. Maximization Step (M-step) : Update the parameters (mean, covariance,
weights) to maximize the likelihood

This process continues until the model converges.

5.3.2.3 Mathematical Foundations of GMM

To understand GMM, one must know the basic form of the/Gaussian distribution.
1. Univariate Gaussian (1D Normal Distribution)

N(z|p, 02) =

Lo )

2. Multivariate Gaussian (d dimensions)

Nelw 7) B o9 (g 7= - )

3. Mixture of K Gaussians

K
p(x) =Y m N (|, B)
k=1

where,

¢ n_=mixing coefficient of cluster k
¢ 1.>0
¢ >om =1

4. Responsibility (Soft Membership)

TN (x; | x> Zi)

K
Z “jN(xin,Zj)
j=1

Fig =

This tells how strongly point x, belongs to cluster k.
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5.3.2.4 GMM Algorithm Using Expectation-Maximization (EM)

The fig 5.3.3 illustrates the working cycle of the Expectation Maximization (EM)
algorithm used for training a Gaussian Mixture Model (GMM). The process begins
with the initialization of parameters such as the means, covariance matrices, and mixing
weights of each Gaussian component. Once the initial values are set, the algorithm
enters the Expectation Step (E-step), where it computes the probability known as
responsibility that each data point belongs to each Gaussian component based on the
current parameter estimates. These responsibilities are then used in the Maximization
Step (M-step) to update the parameters, adjusting the means, covariances, and weights
so that the likelihood of the observed data is maximized. After each iteration, the
algorithm checks whether convergence has been reached by examining whether changes
in the parameters or the likelihood have become sufficiently small. If the model has not
yet converged, the process loops back to the E-step; otherwise, the algorithm stops.
Through this iterative loop, the EM algorithm gradually refines the GMM parameters,
producing a model that best fits the underlying data distribution.

START INITIAL VALUES

— EXPECTATION STEP

h

MAKIMIZATION STEP

7 -

Fig. 5.3.3 Flowchart of Expectation Maximization (EM) algorithm

The EM algorithm is used to learn the parameters of GMM. It operates in two main
phases and iterates until the model stabilizes.

Step 1: Initialization

Choose K clusters and initialize:
Means p,
Covariances X,

Mixing coefficients m,
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Step 2: Expectation Step (E-Step)
Compute responsibilities:
r, =P(cluster=k|x)
Step 3: Maximization Step (M-Step)
Update parameters using the new responsibilities.
Update means:

. Zﬁzk%

==
Zi Tik

Update covariances:

E_,; T (2 — ) (x; - ﬂk)T

Zi Tik

Zk:

Update mixing coefficients:
1
gy N Z T'ik
i
Step 4: Convergence Check

Stop when paramefers (means, Covariances, ) stop changing significantly.

Real-World Applications

Because of their flexibility«nd probabilistic nature, GMMs are widely used across
many domains.

1. Clustering and Anomaly Detection

GMM can identify clusters of different shapes and densities. For anomaly detection,
GMM identifies points that have very low probability density, indicating they do not fit
into any learned pattern.

2. Speech Recognition

In speech processing, GMMs model the distribution of acoustic features associated
with different phonemes. This helps in converting spoken language into text by capturing
variations in sound patterns.

3. Image Segmentation

GMMs model pixel intensity or color distribution. Each Gaussian represents a
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different region or object in the image, enabling automated segmentation.

4. Financial Modeling

In finance, GMM captures multiple market regimes, risk factors, or return
distributions. For example, asset returns often come from multiple underlying processes,
GMM models these more accurately than a single normal distribution.

5. Medical Imaging

GMM is used to identify tissue types, abnormalities, or tumors. By modeling normal
intensity patterns, deviations can be classified as anomalies in MRI, CT, and other scans.

6. Speaker Identification

In audio processing, a recording may contain voices of multiple speakers. Since
speech signals overlap in frequency space, a hard clustering method cannot separate
them. GMM models each speaker’s voice distribution as a Gaussian component. When
a new voice sample appears, GMM computes probabilities indicating how likely the
sample belongs to each speaker. This makes GMM an essential toolin speech recognition
and audio separation.

5.3.2.5 Strengths and Limitations

GMM excels when clusters overlap’ or follow ‘elliptical patterns. It provides
probabilistic memberships, making it ideal for uncertain environments. However,
GMM assumes clusters follow Gaussian disttibutionsgand it becomes computationally
heavy for high-dimensional data or large datasets.’It 1s also sensitive to initialization,
which affects final clustering quality.

Strengths of GMM

1. Handles overlappingselusters well.
Supports ellipsoidal cluster shapes.

Produces probabilistic membership useful for uncertainty modelling.

> »w D

Better than K-Means for real world noisy data.
Limitations
1. Requires clusters to be Gaussian shaped.

Can be computationally expensive with high dimensional data.

Sensitive to initialization values.

ol

May get stuck in local optima.

5.3.3 Fuzzy C-Means (FCM)

Fuzzy C-Means (FCM) is a soft clustering algorithm that allows each data point to
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belong to multiple clusters with varying degrees of membership. Unlike hard clustering
methods such as K-means where each point belongs to only one cluster, FCM uses
fuzzy logic to represent uncertainty and overlapping boundaries between clusters.

This makes FCM particularly useful when clusters are not strictly separable, when
boundaries are blurred, or when probabilistic cluster belongingness cannot be strictly
defined. It is extensively used in medical image segmentation, pattern recognition,
remote sensing, bioinformatics, and signal processing.

Fuzzy C-Means Clustering on Mall Custorner Data

100 ., = 4
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Fig. 5.3.4 Fuzzy C-Means clustering of mall customers based on income and
spending,score

This fig 5.3.4 illustrates how the Fuzzy C-Means (FCM) algorithm groups small
customers based on their annual income and spending score. Unlike hard clustering
methods, which force each customer into/a single group, FCM assigns membership
degrees that determine how strongly a.customer belongs to each cluster. The points
are colored according to theirghighest membership value, but behind the scenes, each
customer contributes, tesmultiple clusters to varying extents. The five clusters visible
in the plot reflect different customer segments such as low-income low-spending
customers, high-incomeghigh-spending customers, or moderate-income moderate-
spending customers. The black “X” symbols indicate the centroid of each fuzzy cluster,
which is calculated as a weighted average of the points based on their membership
values. The distribution of points shows how FCM captures gradual transitions between
segments rather than drawing rigid boundaries, making it a useful method for customer
segmentation where behavioral patterns often overlap. This visualization demonstrates
the strength of FCM in modeling real-world data with soft, flexible cluster assignments.

5.3.3.1 Mathematical Foundations of FCM

The goal of FCM is to partition a dataset into C clusters by minimizing a fuzzy
objective function. Each data point has a membership degree representing how strongly
it belongs to each cluster.

1. Membership Degrees
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For each point ( x,) and cluster ( k ):

C
0<u; <1 and Zu;;\. =1
k=1

2. Cluster Center Update

Ez_ (uik )mmt_
>i(war)™

CL. =

Where:

¢ m = fuzziness parameter (typically 2)
¢ U, "= weighted membership
¢ N = number of data points

This equation takes a weighted average, where points with higher membership
influence the cluster center more.

3. Update Membership Values
1

2
ZC |1-!._ka | o1
J_l ||:£E_C_ll'||

Uik~

Where m = fuzzifiess parameter (commonly m = 2)

Interpretation:

¢ A data point getsdiigher membership to clusters whose centers are closer.

¢ The ratio determines relative closeness to all other clusters.

4. Objective Function

FCM tries to minimize:
_ vV C
Jm = -1 Zkzl(uik)m ||Xi 'Ck||2
This objective ensures:

¢ Points close to a center have higher membership
¢ Clusters are formed by reducing the overall weighted distance

Lower J = Better clustering.
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5.3.3.2 FCM Algorithm

The flowchart describes the complete working process of the Fuzzy C-Means (FCM)
algorithm, beginning with data normalization to ensure that all features contribute equally
to the clustering process by placing them on a common scale. After normalization,
the algorithm initializes the essential components, including the number of clusters,
the fuzziness parameter, the initial cluster centers, and the membership (affiliation)
matrix that assigns each data point a degree of belonging to every cluster. Once these
elements are set, the algorithm checks whether the current iteration number is less than
the maximum allowed limit. If further iterations are permitted, it proceeds to compute a
new affiliation matrix, where membership values are updated based on how close each
data point is to the new cluster centers. Using these updated memberships, the algorithm
recalculates the cluster centers through a weighted average, where data points with
higher membership values exert a stronger influence. After updating the cluster centers,
the algorithm checks for convergence by comparing the new membership matrix with
the previous one to determine whether the change is below a predefined threshold.
If convergence has not been reached, the process loops baek for another iteration;
otherwise, the algorithm finalizes the output by producing the final cluster centers and
the corresponding fuzzy membership values for allzdata points..The flowchart ends
with the completed clustering model, which captures‘the underlying structure of data
through soft, overlapping clusters rather thansigid boundaries.

Data normalization

Y

Initialization: basic parameters,
clustering centefs, affiliation matrix

—»  Calculate the affiliation matrix

v

Perform affiliation division and
select new clustering centers

Output Clustering Center —

End

Fig. 5.3.5 Flowchart of FCM algorithm
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The Fuzzy C-Means algorithm operates through an iterative process in which cluster
centers and membership values are continuously refined; the following steps outline
how the algorithm updates these values until the clusters reach a stable and optimal
fuzzy partition.

Step 1: Initialization

Select number of clusters C, fuzziness parameter m, and initialize membership
matrix u,, .
ik

Step 2: Compute Cluster Centers

Step 4: Convergence Check

Stop when:

ujic” S| < e
¢ is a small +ve threshold value
if satisfied —stop
else —Repeat steps
Step S: Final Outputs

Final cluster centers and membership degrees.

Medical Image Segmentation

MRI and CT scans often contain regions where the intensity values of different
tissues overlap, making it difficult to draw clear boundaries. For example, the border
between gray matter and white matter in the brain is often not sharply defined due
to noise, overlapping intensities, and natural anatomical transitions. Fuzzy C-Means
(FCM) addresses this challenge by assigning partial membership values to pixels,
allowing smoother transitions rather than forcing each pixel into a single class.
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Fig. 5.3.6 FCM-based medlcal imagé segmentation with smooth tissue transitions

In many medical images, boundaries are‘rarely crisp. Tissues like gray matter, white
matter, cerebrospinal fluid, edemayand tumors may share similar intensity ranges.
Instead of treating each pixelias belonging to only one region, FCM recognizes the
gradual blending between tissues. By giving every pixel a degree of belonging to
multiple clusters, FCM creates segmentation results that look more natural and realistic.
This is especially importantiin brain MRI, where soft edges and mixed-intensity areas
occur frequently.

Because of this ability to represent uncertainty, FCM is widely used in medical
imaging, remote sensing, and pattern analysis. In MRI or CT images, tissue boundaries
often appear fuzzy due to overlapping intensity values and gradual structural transitions.
FCM handles such ambiguities effectively by modelling each pixel as a weighted
combination of different tissue types, resulting in cleaner segmentation and more reliable
anatomical interpretation. This makes FCM particularly valuable in applications such
as brain tissue separation, tumor boundary detection, lung CT analysis, retinal image
segmentation, and detection of lesions or abnormalities.

Advantages of FCM

1. Soft clustering captures uncertainty.
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2. Cluster boundaries are smooth and realistic.
3. Works well for overlapping classes.

4. Used for complex data like images, signals, and medical data.

Limitations of FCM

1. Sensitive to initialization

2. Slow for large datasets (needs many iterations)

3. Sensitive to noise and outliers

4. Requires specifying number of clusters C
Applications of FCM

1. Medical imaging (MRI, CT, ultrasound segmentatioft)

2. Remote sensing (land cover classification)
3. Image compression and pattern recognition
4. Bioinformatics (gene expression clustermg)
5. Industrial process control

6. Weather and climate modeling

Table 5.3.1 Comparison of GMM and FCM

Feature Gaussian Mixture Model Fuzzy C-Means
Basis Probability theory Fuzzy logic
Cluster Shape Elliptical (Gaussian) Distance-based (flexible)
Softness Type Probabilities Membership values
Handling Overlap Excellent Good
Noise Sensitivity Low High
Convergence Speed Moderate/Slow Fast
Major Use Speech, anomaly detection Medical imaging
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Recap
¢ Advanced clustering methods handle overlapping, non-spherical, and
uncertain data patterns.

¢ GMM models data as a mixture of multiple Gaussian distributions, enabling
probabilistic (soft) clustering.

¢ Covariance matrices allow GMM clusters to stretch, rotate, and form
elliptical shapes.

¢ FCM assigns membership degrees rather than forcing a hard cluster
assignment.

¢ FCM is highly effective for medical image segmentation and other domains
with fuzzy boundaries.

¢ EM algorithm iteratively updates cluster responsibilitics and parameters in
GMM.

¢ Both GMM and FCM overcome limitations of K-Means i complex real-
world datasets.

Objective Type Questions

[a—y

GMM uses which algofithm for parameter estimation?

The parameter n represents which value in GMM?

FCM is based on which typesefdogic?

What is the value®@f the fuzziness parameter m commonly set to?
Which matrix in GMM¢eontrols the shape of clusters?

The term “responsibility” refers to soft membership in which model?
FCM assigns what type of membership?

Which clustering technique handles elliptical clusters?

2 g = ey - oS R

K-Means produces what type of clustering (hard or soft)?

10. MRI segmentation commonly uses which clustering method, GMM or FCM?
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Answers to Objective Type Questions

[y

EM (Expectation Maximization)
Mixing coefficient

Fuzzy logic

2

Covariance matrix

GMM

Fuzzy membership

GMM

2 gL & e B o R

Hard
10. FCM

Assignments

1. Explain the differences between GMM and K-Means in terms of cluster
shape, assignment type, andi@pplicability.

2. Describe the Expectation and Maximization steps in the EM algorithm used
for GMM with a suitable example.

3. Discuss howFCM computes and updates membership degrees during the
clustering process.

4. Compare the'strengths and limitations of GMM and FCM with suitable real-
life examples.

5. Explain why FCM is preferred over K-Means for MRI image segmentation
and medical applications.
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Unit 4

Evaluation of Clustering Techniques

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ explain the need for evaluating clustering results in unsupervised learning
and distinguish between cluster compactness and cluster separation

¢ describe and interpret the Silhouette Score for agsessing the quality of
clustering at both data-point and cluster levels

¢ compute and analyze the Davies—Bouldin dadex (DBI) to\evaluate intra-
cluster dispersion and inter-cluster separation

¢ compare and justify the use of Silhouctte Scote and Davies—Bouldin Index
for selecting and validating appropriate clustering models in practical
applications

Prerequisites

Clustering algorithms,such as K-Means,Hierarchical Clustering, and Fuzzy C-Means
are widely used to group similar datapeints in applications like customer segmentation,
image analysis, and document elustering. While these methods can successfully form
clusters, a major challenge arises after clustering is performed: how do we know
whether the clusters formed ar€ actually good? Unlike supervised learning, clustering
does not provide predefined'class labels or a correct answer for comparison. As a result,
simply obtaining clusters is not sufficient; their quality must be assessed to ensure that
the patterns discovered are meaningful and reliable.

Earlier clustering approaches mainly focused on optimizing internal objectives, such
as minimizing within-cluster variance (as in K-Means). However, these objectives alone
can be misleading. For example, increasing the number of clusters may reduce variance
but lead to fragmented and less interpretable groups. Similarly, two clusters may appear
compact individually but lie very close to each other, causing overlap and ambiguity.
In real-life scenarios such as grouping customers based on purchasing behavior, poorly
separated clusters can lead to incorrect marketing strategies. These limitations highlight
the need for evaluation measures that simultaneously consider cluster compactness and
separation. Metrics like the Silhouette Score and the Davies—Bouldin Index address
this requirement by providing quantitative insight into how well clusters are formed,
thereby guiding the selection and validation of appropriate clustering models.
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Keywords

Clustering Evaluation, Internal Validation Metrics, Cluster Compactness, Cluster
Separation, Silhouette Score, Davies—Bouldin Index, Intra-cluster Distance, Inter-
cluster Distance, Centroid-based Clustering

Discussion

5.4.1 Evaluation of Clustering Techniques

Clustering is an unsupervised learning technique that groups data points based on
similarity without using predefined class labels. Unlike supervised learning, clustering
does not rely on known output labels. Therefore, there is no direct “correct answer”
against which the clustering results can be compared. As a result, evaluating clustering
quality is more challenging than evaluating supervised learning models.

To address this challenge, internal evaluation metrics are widely used. These metrics
assess the quality of clustering by examining the structure of the'€lusters formed, using
only the information available in the dataset. Two fundamental aspects are considered
during evaluation: intra-cluster compactness, which measures how ¢losely data points
within the same cluster are grouped together, and, inter=eluster separation, which
measures how far apart different clusters ate from one another.

A good clustering solution is one in‘which data points within each cluster are
highly similar, while clusters themselwves are elearly distinct. Among the many internal
validation measures availables the Silhouette Secore and the Davies—Bouldin Index
(DBI) are two of the most widely uséd and intuitive metrics. These measures are
especially useful for evaluating centroid-baged clustering algorithms such as K-Means,
Fuzzy C-Means, and @Gaussian Mixture Models.

5.4.2 Silhouette S¢ore

The Silhouette Score is andnternal clustering evaluation metric that measures how
well an individual data point fits within its assigned cluster compared to other clusters.
It provides a point-level assessment of clustering quality by simultaneously considering
cohesion and separation.

¢ Cohesion refers to how close data points are within the same cluster.

¢ Separation refers to how far a data point is from data points belonging to
other clusters.
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Fig. 5.4.1 Cluster Compactness and Separation

The Fig 5.4.1 illustrates three clusters in a two-dimensionalifeature space. Data points
within each cluster are closely packed, indicating strong intra-cluster compactness. The
large distance between the cluster centroids demonstrates good inter-cluster separation,
which is a key indicator of high-quality clustering.

For a data point i:

¢ a(i) = average distance between jpoint i and all other points in the same
cluster (intra-cluster distance)

¢ b(i) = average distancedbetween point i and points in the nearest neighboring
cluster (inter-cluster distance)

The Silhouette coefficient, denotediasss(i), is defined as:

~_ b(@) —a(i)
#0) = ax(a(). b))

Interpretation of Silhouette Coefficient

The value of s(i) ranges from —1 to +1:

¢ s(i) = 1 — the data point is well clustered and far from other clusters
¢ (i) = 0 — the data point lies near the cluster boundary
¢ s(i) <0 — the data point is likely misclustered

The average Silhouette Score across all data points provides an overall measure of
clustering quality.
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Fig. 5.4.2 Silhouette Score Interpretation

This Fig 5.4.2 illustrates data points grouped into differentclusters along with their
corresponding silhouette values. Points that lie well inside theirwrespective clusters
have high silhouette scores, indicating strong cohesion within the cluster and good
separation from other clusters. Points located neanthe boundaries between clusters have
silhouette scores close to zero, showing amibiguity i cluster assignment. Points with
negative silhouette values are positioned ¢loser to neighboring clusters than their own,
indicating possible misclassification.

Table 5.4 4 Interpretationiof Silhouette Score

Silhouette Score Cluster Quality

0.71 — 10 Strong/elusters; well separated
0.54—0.70 Reasonable clusters; some overlap
0.26,— 0450 Weak clusters; overlapping

<0.25 Poor clustering; unreliable

Example

Consider a 2D dataset clustered into 3 groups:

Point Cluster Coordinates (X,y)

A 1 (1.0, 2.0)
B 1 (15, 1.8)
C 2 (5.0, 5.5)
D 3 (8.0, 9.0)
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Calculation for Point A:

¢ Average distance to points in the same cluster:
a(A)=0.5

¢ Average distance to the nearest neighboring cluster:
b(A)=3.0
Silhouette Score calculation:
s(A)=(3.0-0.5)/3.0=0.83
Interpretation:

Since the Silhouette Score is close to 1, Point A is well clustered, indicating strong
intra-cluster cohesion and good inter-cluster separation.

Advantages

¢ Considers both cluster compactness and separation
¢ Easy to interpret

¢ Useful for choosing the optimal nufmber of clusters

Limitations

¢ Computationally expensive for large datasets
¢ Assumes distance-based simildrity

¢ Less effective for fion-convex or overlapping clusters

5.4.3 Davies-Bouldin Tadex (DBI)

The Davies—Bouldin Index{(DBI) is a widely used internal validation metric for
evaluating the quality of clustering results in unsupervised learning. Since clustering
algorithms do not rely on labeled data, DBI provides a quantitative way to judge how
well clusters are formed by examining intra-cluster compactness and inter-cluster
separation. The index was introduced by David L. Davies and Donald W. Bouldin (1979)
and is especially popular for evaluating centroid-based clustering algorithms such as
K-Means, Fuzzy C-Means, and Gaussian Mixture Models (with hard assignments).

The primary objective of DBI is to measure:

¢ How compact each cluster is (points within a cluster should be close to each
other)

¢ How well-separated different clusters are from one another

A clustering solution is considered good when clusters are dense internally and far
apart externally.
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The DBI compares each cluster with its most similar neighboring cluster. If two
clusters are very close and spread out, they are difficult to distinguish, resulting in a
high DBI value. If clusters are tight and well separated, the DBI value will be low.

Intracluster variance Distance between
centroids
(]
®
o 2 © .\.
g :
= S ® e
© 0% o
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Variable 1 Mariable 1

Fig. 5.4.3 Davies—Bouldin Index Concept

The Fig 5.4.3 illustrates two neighboring clusters With their centroids clearly marked.
Intra-cluster dispersion is shown by the spread of points,around each centroid, while
inter-cluster distance is represented by the distance between the.eéntroids. A lower ratio

of dispersion to centroid distance results ifi a lower Davies—Bouldin Index, indicating
better clustering quality.

5.4.3.1 Mathematical Definition

Assume a dataset is dividedinto k clusters.

Step 1: Intra-cluster dispersion (Si)

For each cluster igeompute theraverage distance of all data points from the cluster
centroid:

Where:

C.= set of points in cluster

u. = centroid of cluster i

d(x,u,)= distance (usually Euclidean)
This measures cluster compactness.
Step 2: Inter-cluster distance (IMij)

Compute the distance between the centroids of clusters i and j:

This measures cluster separation.
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Step 3: Cluster similarity ratio (Rij)

For each pair of clusters (i, /), compute:

A larger value indicates clusters i and j are less distinct.

Step 4: Davies—Bouldin Index

For each cluster i, find the maximum similarity ratio with any other cluster, then
average over all clusters:

DBI =

=l

k
> max(Ry)
i=1

J#i
Example
Consider two clusters with the following values:
¢ S5=08
¢ S=1.0
¢ Distance between centroids: M <40
Step 1: Compute similarity ratio
R, = (0.81.0)/4.0
#1.8//4.0
=045

Step 2: Compute DBI
Since there are only two clusters:
DBI=0.45
Interpretation:

Alow DBI value indicates that the clusters are compact and well separated, reflecting
good clustering quality.

Table 5.4.2 Interpretation of DBI

DBI Value Interpretation
Close to 0 Compact,well-separated clusters
High Overlapping or dispersed clusters
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Table 5.4.3 Comparison of Silhouette Score vs Davies-Bouldin Index

Metric Range Better Value Pros Cons

Silhouette Intuitive; point-level ~ Expensive for

Score

- + i
1 to+1 Higher info large datasets

Davies- Considers intra- and  Sensitive to

0 to «© Lower

Bouldin Index inter-cluster distances irregular clusters

Advantages of DBI

¢

¢

¢

¢

¢

Simple to understand and compute.

No need for labeled data.

Efficient for large datasets.

Useful for comparing different clustering models

Works well with centroid-based algorithms

Limitations of DBI

¢

¢

Assume clusters are spherical.

Sensitive to noise and outliers:

Depends heavily on distance mettic:

Not effective for non-convex or arbitrarily shaped clusters.

Does not cofisider global cluster structure.

Applications of DBI

L 4

Evaluating K-Means clustering results

Comparing different values of k

Assessing Fuzzy C-Means cluster quality
Supporting evaluation in Gaussian Mixture Models

Preliminary validation before advanced analysis
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Recap

L 4

Clustering evaluation is challenging due to the absence of labeled data.

¢ Internal validation metrics assess clustering quality using distance measures.
¢ Silhouette Score evaluates cohesion and separation at the data-point level.
¢ Davies—Bouldin Index evaluates cluster compactness and similarity.

¢ Higher Silhouette Score and lower DBl indicate better clustering performance.

¢ These metrics help in selecting the optimal number of clusters and comparing
clustering algorithms.

Objective Type Questions

1. Clustering is an example of leamning.

2. Which metric ranges from —1 to +1?

3. Alower DBI value indicates clustering.
4. Silhouette Score considers both and

5. DBI is an example of validationfmetric.
6. Which clustering type'commonly uses DBI?

7. The distance between cluster centr@ids represents

8. Silhouette Seore of (.indicates

9. DBI was proposed by and

10. Non-convex clusters@affect which metric more?

Answers to Objective Type Questions

1. Unsupervised
Silhouette Score
Better

Cohesion, Separation

Internal

e ¥ o= R

Centroid-based
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7.
8.
9.

Inter-cluster separation
Boundary point

Davies, Bouldin

10. Davies—Bouldin Index

Assignments

Explain the need for evaluating clustering algorithms in unsupervised
learning.

2. Derive the Silhouette Score formula and explain its components.

3. Discuss the advantages and limitations of Davies—Bouldin Index.

4. Compare Silhouette Score and DBI with suitable examples:

5. Compute Silhouette Score for a small dataset.

6. Explain how DBI helps in selectingdhe optimal numbeér of clusters.

7. Apply DBI to evaluate clustering results obtained using K-Means.
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Unit 1

Introduction to Market Basket
Analysis

Learning Outcomes

After completion of this unit, the learner will be able to:

¢ explain the concept and foundations of Market Basket Analysis
¢ describe the importance of Market Basket Analysis in business analytics
¢ identify key applications in retail and e-commerce envitonments

¢ interpret transactional data and its role in ass@ciation rule mining
Prerequisites

Imagine walking into a supermarket where products seem to “predict” what you
might buy next. You pick up breadgafidnearbywou notice butter, jam, and cheese placed
strategically. When you shop online, the website suggests “Customers who bought this
also bought...”. These are not randomi decisions; they are driven by patterns hidden
deep inside past purchase data.

To appreciate how such intelligentiftecommendations are created, learners should
be familiar with basic dataftepresentation concepts such as tables, records, attributes,
and frequency counts:’A general awareness of how computers analyze data to support
decision-making will help in understanding this unit. No prior exposure to advanced
machine learning algorithms1s required—this unit builds concepts gradually, beginning
from intuition and moving toward formal understanding.

This unit invites the learner to explore how simple transaction records, when analyzed
systematically, can reveal powerful insights about consumer behavior.

Keywords

Market Basket Analysis, Transactional Data,Association Rules,Itemset,Support, Retail
Analytics,Cross-selling,Consumer Purchase Behavior




Discussion
6.1.1 Introduction to Market Basket Analysis

When we go to a supermarket or shop online, we often notice that some products are
commonly bought together.

For example:

¢ Bread and Butter

¢ Milk and Biscuits

¢ Mobile Phone and Mobile Cover

Shops and online websites study these buying patterns to understand customer
behavior. This study is called Market Basket Analysis (MBA).

The term “Market Basket” refers to the collection of iteéms a customer keeps in a
shopping basket or cart during a purchase.

Market Basket Analysis helps businesses answer questions such as:

¢ Which products are usually purchasedtogether?
¢ What products should be recommended to customers?
¢ How can shops increase sales using eustomer buying patterns?

In simple words, Market Basket Analysis 15 atechnique used to find relationships
between items in transaction data.

Real-Life Example
Suppose many customerswho buy Bread also buy Milk.
The store may:
¢ Place Bread and Milk near each other
¢ Give combo offers

¢ Recommend Milk when Bread is purchased online

This helps both:

¢ Customers — easier shopping
¢ Businesses — improved sales
Important Idea

Market Basket Analysis does not require predefined answers. Instead, it studies
previous purchase records and discovers hidden patterns automatically.

Therefore, it is considered a part of Unsupervised Machine Learning.
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Simple Transaction Example

Transaction ID | Items Purchased
T1 Bread, Milk

T2 Bread, Butter

T3 Milk, Bread

T4 Bread, Milk, Butter

From the above data, we can observe that:

¢

¢

Bread appears frequently

Bread and Milk often occur together

These patterns help businesses make better decisions.

Key Points to Remember

¢

¢

¢

¢

¢

MBA studies customer purchasing behavior.

It finds products bought together

It is widely used in retail and e-commerce

It helps in recommendation systems\and sales improvement

It works using transactiefal data

Daily Life Applications

¢

¢

¢

¢

Amazon produict reccommendatiofs
“Frequently Bought Together” suggestions
Combo offers in supermarkets

Food delivery app recommendations

These systems are examples of Market Basket Analysis in real life.

=y

Srmppivg haskel SEOpRING Daskar NELrImaden

Fig. 6.1.1 Market Basket analysis and Recommendation System
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Market Basket

.
Analysis
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Is bread typically purchased g
? when banana and egg are , :ﬁ,ﬂ:dl;:ffhze

?
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maximize its
sales?
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purchased with
bananas?

Does the brand
of sodamakea 4
difference? !

?

How are the
demographics
of the
neighborhood
. affecting
what
customers are
buying?

Fig. 6.1.2 Market Basket Analysis
Definition

Market Basket Analysis is a data miningstechnique that identifies associations
between items in large transaction datasetss

Market Basket Analysis (MBA) is a data mining and machine learning technique
used to discover relationships among items purchased together in transactional datasets.
The name originates from the idéa of analyzingthé'contents of a customer’s shopping
basket to understand buying habits.

At its core, Market Basket Analysis attempts to answer questions such as:

¢ Which products are fiequently purchased together?
¢ How does the'purchase of one item influence the purchase of another?

¢ Can past buying behavior help predict future purchases?

In machine learning terminology, Market Basket Analysis belongs to the category
of unsupervised learning, because it does not rely on predefined labels or outcomes.
Instead, it explores data to uncover hidden patterns and associations.

Conceptual Foundation
What is the Goal?

The main goal of Market Basket Analysis is to move from intuition (guessing) to
evidence (data). We want to find "hidden patterns" in how people shop so businesses
can make smarter decisions.
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Why is it called a ""Basket"?

¢

Symbolism: The "basket" represents a collection of items bought in a single
event.

Physical & Digital: It applies to a real shopping cart in a supermarket, a
digital cart on Amazon, or even a list of songs in a playlist.

Learning by Example

Think of a simple list of transactions (a tiny dataset):

Transaction ID | Items Bought

T1 Bread, Milk

T2 Bread, Diaper, Beer
T3 Milk, Diaper, Been
T4 Bread, Milk, Diaper

What do we see?

Bread and Milk show up together very often (T 1 andyT'4):
Diapers and Beer also show up together (T2 and T3).

The Lesson: Instead of justdeeking at how much "Milk" we sold, we look at
relationships—what els€ was in the basket'when Milk was there?

How Businesses Use These Patterns

Once a pattern is found, a'store cans

¢

¢

¢

Placement: PutBread near Milk to make shopping easier.
Cross-selling: If youduy a phone, the website suggests a mobile cover.

Bundling: Create a "Combo Offer" (e.g., Shampoo + Conditioner) to
increase sales.

From these transactions, we may observe that Bread and Milk frequently appear
together. Market Basket Analysis formalizes such observations using mathematical
measures, allowing businesses to move from intuition to evidence-based decision-mak-

ing.

Why “Basket”?

transaction, whether in a physical store or an online cart. The same concept
applies to digital purchases, subscriptions, and even user clicks.

The term “basket” symbolizes a collection of items bought in a single

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning



5 =

o |E
—

="

Ex

£

=
Yo
.l:-ﬁl-.i

g |
Ly
e |
—
e LI
-

v —‘. .—

H'eR|'=—

i

[ 4L LEEEE

F i

Iﬂ: 1 I -
e [

B

"
-
1

'i‘i'[l-n-lll'll'-_

"Bz

i
| -
I
i-i.—
==
-
ok
1
=% |
L

et

]
-—
s
=X
=

Bl

1

-
-

-

|

Fig. 6.1.3 Concept of Why Market Basket

6.1.2 Importance of Market Basket Analysis

Market Basket Analysis plays a crucial role in"data-driven decision-making,
particularly in industries that rely on consumier transactionss Itsfimportance lies in its
ability to transform raw data into actionable knowledge:

Viewed by user

Recommended to user

Fig. 6.1.4 Importance of Market Basket Analysis

6.1.2.1 Supports Cross-Selling and Upselling
MBA helps companies recommend complementary or higher-value products.

Example: Recommending fries and drinks with a burger order.
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—— Upselling—— — Cross-selling —

“Consider upgrading to...” “You might also like..."

t O

Encouraging customers Encouraging customers to
to buy a higher-end buy products that are related
version of a product to their original purchase
k, r L. o

Upselling vs. Cross-Selling

UPSELLING CROSS-SELLING

ler-quantity sale

During checkout© G During shopping, checkout,
immediately fol or in days/weeks following
purchase

0 More convenience
@ Bundling & efficiency
Prafit ma g Average Order Value (AOV)

Fig. 6.1.5 Upselling Vs Cross-Selling

Market Basket Analysis plays a crucial role in business intelligence and decision-
making.

6.1.2.2 Understanding Customer Behavior

Customers rarely purchase items in isolation. Their buying decisions are influenced
by needs, habits, lifestyle, and convenience. Market Basket Analysis helps identify
these behavioral patterns by revealing:

AAAAAAAAAAAAAA
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¢ Frequently co-purchased items
¢ Secasonal or contextual purchase trends
¢ Complementary and substitute products

Such insights allow organizations to understand not just what customers buy, but
how and why they buy.

6.1.2.3 Business Decision Support

The results of Market Basket Analysis directly support strategic decisions such as:

L 4

Product placement in stores

¢ Personalized recommendations

L 4

Promotional bundling

L 4

Inventory planning

For example, if analysis shows that customers who buy coffee often buy sugar,
placing these items closer can increase sales and improvecustomet convenience.

6.1.2.4 Role in Machine Learningfand Analytics

Within machine learning, Market Basket Analysis/serves as an introductory yet
powerful example of how patterndis€overy werks. Itddemonstrates:

¢ How data can “speak’] withoutsupervision
¢ How statisticalimeasures guide learning
¢ How algorithms scaleffrem small datasets to large databases

This makes it an essential topic in data science, machine learning, and business
analytics curricula.

MBA beyond Retail

Although traditionally associated with retail, Market Basket Analysis is
also used in healthcare (symptom associations), web usage mining (page visit
patterns), and bioinformatics (gene associations).

6.1.3 Applications in Retail and E-Commerce

Market Basket Analysis finds extensive application in both physical retail stores and
online platforms.

Think of Market Basket Analysis (MBA) as a "digital detective" that looks at what
people buy to help businesses make smarter choices. Whether you are walking through
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a physical aisle or scrolling through a website, MBA is likely working behind the scenes
to improve your experience.

1. Why Businesses Use It

¢ Predictive Power: Instead of guessing, businesses use past purchase data to
"predict" what you might need next.

¢ Pattern Discovery: It reveals hidden relationships between items that aren't
always obvious (like people buying diapers often also buying beer).

¢ Actionable Insights: It turns a long list of transactions into a clear plan for
how to sell more effectively.

2. Two Main "Arenas' for MBA

¢ Physical Retail (Brick-and-Mortar): Focuses on t
store and how items are placed on shelves to encour

physical layout of the
extra purchases.

3. Key Terms to Remember

¢ Cross-selling: Suggesting a rela e.g., offering a phone case
when someone buys a phon

AAAAAAAAAAAAAA
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Switch to smarter in-store selling

UPGRADE FOR 52

Fig. 6.1.6 Application in Retail

6.1.3.1 Applications in Retail

In brick-and-mortar retail environments, Market Basket Analysisis,used to:

¢

¢

¢

¢

Optimize shelf layout
Design combo offers
Improve cross-selling strategies

Reduce customer searchfeffort

Example: If customers frequently buy'shampoo and conditioner together, placing them
nearby increases the likelihood of combined purchases.

6.1.3.2 Applications in E=Commerce

Fig. 6.1.7 A Application in E-Commerce
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E-commerce platforms generate massive volumes of transactional data. Market
Basket Analysis enables:

¢ Recommendation systems (“Frequently Bought Together”)
¢ Personalized marketing

¢ Dynamic pricing strategies

¢ Targeted advertising

Customers Who Bought This Item Also Bought

520 45 «iPrivoe

Hai

516 .-'iﬁl.. Eriene
Fig. 6.1.8 B Application in E-Commerce

Online retailers such as Amazon and Flipkart rely heavily on association analysis to
enhance user experience and sales conversion.
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Fig. 6.1.9 C Application in E-Commerce
Common examples you see online:
¢ “Customers who bought this also bought...”
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¢ “Frequently bought together’

¢ “Recommended for you”
Used by:

¢ Amazon
¢ Flipkart
¢ Myntra

¢ Swiggy / Zomato

6.1.3.3 Strategic Value

The strategic advantage of Market Basket Analysis lies in its ability to:

¢ Increase average transaction value
¢ Improve customer satisfaction
¢ Strengthen competitive positioning

By leveraging insights from past transa¢tions, businesses move from reactive selling
to predictive engagement.

What does "Reactive to Predictive" mean?

Think of it as changing how a store talKs to'its customers:

¢ Reactive Selling (Old Way): Waiting for a customer to ask for something
or noticinghey bought.an item and then trying to sell them something else
later.

¢ Predictive Engagement (New way with MBA): Using past data to "predict"
what the customer will want at the exact moment they are shopping.

How Businesses Use This Strategy

To move into this "predictive" mode, businesses focus on three main goals:

1. Increasing the "Basket Value"

¢ If you know that customers who buy coffee often buy sugar, you place
them together.

¢ Goal: Get the customer to add just "one more item" to their cart before
they check out.
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2. Smart Product Suggestions

¢ Cross-selling: Suggesting a related item (e.g., "You bought a phone,
would you like a cover?").

¢ Upselling: Suggesting a better, higher-end version of what they are
looking at.

3. Creating "Personalized" Experiences

¢ Instead of showing the same ads to everyone, online stores use your
history to show you "Top picks for you" or "Frequently bought together".

Key Takeaway for Learners

Market Basket Analysis isn't just about looking at old receipts; it's about anticipating
the customer's next move to make shopping easier for them and more profitable for the
business.

APPLICATIONS OF ADVANCED MAR

PHYSICAL STORE LAYOUT CROSS-SELL & UP-SELL SMART PROMOTIONAL
OPTIMIZATION RECOMMENDER ENMCINE BUNDLING

. EG

w T

COMPLEMENTARY SET:
SHAMPOO + CONDITIONER

BUY TOGETHER FOR: 51.20

: rass-sell & up-zell recammender Promaticnal bundling - advertiserernmt
the, floor plan is outed 1o p 2 redices for shenaing of products o try CUSCOnErn tiests and to promot
then toning floars doors, and recommendation eoon, eveltmational trend.

Fig. 6.1.10 Applications of Market Basket Analysis in Retail and E-Commerce
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6.1.4 Understanding Transactional Data
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Fig. 6.1.11 Understanding Transactional Data

Transactional data forms the foundation of Market Basket Analysis. Without
understanding the structure and nature of transactional data, it is impossible to extract
meaningful associations between items. In simple terms, transactional data records

what items were involved in each transaction.

A transaction represents a

ID.

@

—oC—~

single event in which one or more items are purchased
together. Each transaction is independent and usually identified by a unique transaction

- EMV“% M}JH‘
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6.1.4.1 Nature of Transactional Data

Transactional data has the following key characteristics:

¢ Each transaction contains a set of items

¢ The order of items within a transaction is irrelevant
¢ Transactions are usually independent of each other
¢ Data volume can be very large in real-world systems

Unlike traditional datasets that store fixed attributes (such as age, salary, or marks),
transactional datasets are variable-length—each transaction may contain a different
number of items.

Key Insight

In Market Basket Analysis, relationships matter more than individual values.
The focus is not on how much an item costs, but on which items occur together.

6.1.4.2 Example of Transactional Dataset

Consider the following supermarket transaction records:

Transaction ID"| Items Purchased

T101 Bread, Milk

T102 Bread, Diaper, Beer, Eggs
T103 Milk, Diaper, Beer

T104 Bread, Milk, Diaper, Beer
1105 Bread, Milk, Eggs

Each row represents a transaétion, and each transaction contains a set of items. Market
Basket Analysis examines'such data to identify frequent combinations and associations.

6.1.5 Representation of Transactional Data

To perform Market Basket Analysis computationally, transactional data must be
represented in a structured format that algorithms can process efficiently. Two commonly
used representations are:

1. Transaction—Item Format
2. Binary Matrix Format

6.1.5.1 Transaction—Item Format

This is the most natural and intuitive representation of transactional data. Each
transaction is stored along with the list of items purchased.
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Example:

Transaction ID | Item List

T1 {Milk, Bread}

T2 {Bread, Diaper, Beer}
T3 {Milk, Diaper, Beer}

This format closely resembles real-world sales records and is easy to understand.
However, it is not always efficient for algorithmic processing when the dataset becomes
large.

6.1.5.2 Binary Matrix Representation

In the binary matrix format, rows represent transactions and columns represent
items. Each cell contains:

¢ 1 if the item appears in the transaction
¢ 0 if the item does not appear

Example Binary Matrix:

Transaction | Bread | Milk | Diaper'| Beer | Eggs
T1 1 1 0 0 0
T2 1 1 1 1
T3 0 1 1 1 0
T4 1 1 1 1 0
TS 1 1 0 0 1

This representation allowsrefficient computation of frequency counts and is widely
used in association rulednining algorithms.

Why Binary?

Binary representation simplifies computation by converting complex
purchase behavior into mathematical form, making large-scale analysis
feasible.

6.1.6 Itemsets and their Significance
An itemset is a collection of one or more items appearing together in a transaction.

Types of Itemsets

¢ l-itemset: {Bread}, {Milk}
¢ 2-itemset: {Bread, Milk}, {Milk, Beer}
¢ 3-itemset: {Bread, Milk, Diaper}
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Market Basket Analysis focuses on identifying frequent itemsets, which are item
combinations that occur repeatedly across transactions.

6.1.7 Frequency and Support Concept

Before formal algorithms such as Apriori are introduced , it is essential to understand
the idea of support intuitively.

Support measures how frequently an item or itemset appears in the dataset.
Example:

If Milk appears in 4 out of 5 transactions:

Support(Milk) =4/5=0.8

A higher support value indicates that the item or itemset is more common.

Conceptual Note

Support helps filter out rare combinations afid, focus only on patterns that
are statistically meaningful.

6.1.8 Why Transactional Datais Central to MBA

Transactional data is central to Market Basket Analysis because:

¢ [t captures real customér behaviof
¢ It reflects natural purchase groupings
¢ [t enables dis€overy of hidden.asSociations

¢ [t supports'scalablé machine learning solutions

Without transactional data,dMarket Basket Analysis would lack both relevance and
reliability.

“@ Market Basket Analysis: f"
= Transforming Raw Transactions to Binary Matrix
B 1. Raw Transactions List 2. Binary Matrix (Transaction-ltem Table)
a B Transaction preay  Milk  Diapers | ags
T1: [Bread, Milk} E e " 1 ) . p 0
T2: {Bread, Diapers, Beer}
T3: {Milk, Diapers, Bear, Egas} "‘”‘P’;{SEE”SQT"'" T2 1 0 1 1 0
T4: [Bread, Milk, Diapers, Beer} T3 0 1 ; 1 1
T4 1 il 1 1 0

e a— o | '
- iy

Fig. 6.1.12 Transactional data is central to Market Basket Analysis
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6.1.9 Discussion Summary

Market Basket Analysis begins not with algorithms, but with data understanding.
Transactional data provides the raw material from which association patterns
are extracted. Proper representation and interpretation of this data determine the
effectiveness of the analysis. By understanding transactions, itemsets, and frequency
concepts, learners build a strong foundation for advanced association rule mining
techniques discussed in subsequent units.

Recap
¢ Market Basket Analysis (MBA) is an unsupervised learning technique used
to discover associations among items in transactional data.

¢ It focuses on identifying patterns of items that are frequently purchased
together.

¢ MBA helps answer key business questions related toycustomer buying
behavior and product relationships.

¢ The technique is widely used in retail and e-commerce for gecommendation
systems, product placement, and promotional'strategies:

¢ Transactional data consists of individual purchase records, each containing
a set of items bought together.

¢ Transactions are independent, unordered, @nd may vary in length.

¢ Transactional data cam be represented using transaction—item format or
binary matrix format.

¢ Binary matrixX representation stmplifies computation and supports efficient
algorithmi¢ procesSing.

¢ An itemset is a collection of one or more items occurring together in a
transaction.

¢ Frequent itemsets form the basis for association rule mining.

¢ Support is a basic measure indicating how frequently an item or itemset
appears in the dataset.

¢ Understanding transactional data is essential before applying algorithms
such as Apriori and FP-Growth.
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Objective Type Questions

A

o8 co =l O

. What is meant by Market Basket Analysis?

Which category of machine learning does Market Basket Analysis belong
to?

. What type of data is primarily used in Market Basket Analysis?

What does a transaction represent in transactional data?

Which aspect of a transaction is ignored in Market Basket Analysis: order or
presence of items?

What is an itemset?
Which representation uses 0 and 1 to indicate item occurrence?
What does the support measure indicate?

Why is transactional data considered variablé-length?

10. Which industry most commonly uses Market Basket Analysis?

Answers to Objective Type Questions

I.

2 L =N e B o

Discovery of item assogiations in transactional data
Unsupervised learning

Transactionaldata

A single purchaseevent

Order

A group of items purchased together

Binary matrix representation

Frequency of occurrence of an item/itemset

Different number of items per transaction

10. Retail
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Assignments

1. Explain the concept of Market Basket Analysis with a suitable real-life
example.

Discuss the importance of Market Basket Analysis in retail decision-making.
Describe how Market Basket Analysis is applied in e-commerce platforms.
Explain transactional data and list its key characteristics.

Compare transaction—item format and binary matrix representation.

Define itemset and explain its significance in association rule mining.

[Nlustrate the concept of support using a small transactional dataset.

2 N e ¥ o= N

Justify why understanding transactional data is esSential before applying
association algorithms.

Problem

Astore records five transactions. The item Milkappears in four transactions. Calculate
the support for Milk.

Solution

Support is calculated as:

. Number of ttansactions containing Milk . 4
Support(Milk) = : - - Support(Milk) = - = 0.8
Total number of transactions 5

Interpretation

A support value of 0.8 indicates that Milk is a frequently purchased item and is suit-
able for further association analysis.

Reference

1. Han,J., Kamber, M., & Pei, J. (2012). Data mining: Concepts and techniques
(3rd ed.). Morgan Kaufmann.

2. Tan, P.-N., Steinbach, M., & Kumar, V. (2019). Introduction to data mining
(2nd ed.). Pearson.

3. Flach, P. (2012). Machine learning: The art and science of algorithms that
make sense of data. Cambridge University Press.

4. James, G., Witten, D., Hastie, T., & Tibshirani, R. (2023). An introduction to
statistical learning: With applications in Python. Springer.

. SGOU - SLM - BSc- Data Science and Analytics - Machine Learning @



@

Suggested Reading

1. Agrawal, R., & Srikant, R. (1994). Fast algorithms for mining association
rules. Proceedings of the 20th VLDB Conference.

2. Habhsler, M., Griin, B., & Hornik, K. (2005). arules — A computational
environment for mining association rules. Journal of Statistical Software.

3. Zaki, M. J., & Meira, W. (2014). Data mining and analysis: Fundamental
concepts and algorithms. Cambridge University Press.

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning

o



Unit 2

Introduction to Apriori Algorithm

Learning OQutcomes

After completion of this unit, the learner will be able to:

¢ explain the concept of association rule mining

¢ describe the working principles of the Apriori algorithm
¢ generate frequent itemsets from transactional data

¢ calculate and interpret support, confidence, and lift

¢ compare Apriori and FP-Growth approaches

Prerequisites

In Unit-1, we learned how trafisactional data eaptures customer purchasing behavior
and how frequent itemsets fofm the foufidation of Market Basket Analysis. However,
identifying that items occur together is only the beginning. Businesses need rules, not just
patterns—rules that can.guide ‘decisions such as product placement, recommendations,
and promotions.

Imagine a retail smanager asking not just “Which items are bought
together?” but “If a customer buys item A, how likely are they to buy item B?”
Answering such questions,tequires structured algorithms and quantitative measures.

To benefit fully from this unit, learners should be comfortable with:

¢ Itemsets and transactional datasets
¢ Basic counting and probability concepts

¢ Logical interpretation of numerical results

This unit transforms intuition into formal, algorithmic reasoning.




Keywords

Association Rule Mining, Apriori Algorithm, Frequent Itemsets, Support, Confidence,
Lift, Candidate Generation, FP-Growth

Discussion

6.2.1 Introduction to Association Rule Mining

Association Rule Mining (ARM) is a core technique in data mining and machine
learning that focuses on discovering interesting relationships, correlations, or
associations among items in large datasets.

An association rule is typically expressed in the form:
X=Y

where:

¢ Xand Yare itemsets

The rule suggests that transactions containing itemset Xare likely to also contain
itemset Y.

Example:

{Bread} = {Butter}

This rule implies that customers whosbuy bread are likely to buy butter as well.

Rule vs Pattern

A pattern identifiéssfrequent item combinations, while a rule expresses a
directional relationship useful for prediction and decision-making.

6.2.2 Basic Concepts in Association Rule Mining

Before exploring algorithms, it is essential to understand the fundamental components
of association rule mining.

Itemset
An itemset is a collection of one or more items.
¢ l-itemset: {Milk}
¢ 2-itemset: {Milk, Bread}
¢ 3-itemset: {Milk, Bread, Butter}
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Frequent Itemset

A frequent itemset is an itemset whose support value exceeds a predefined minimum
threshold.

Frequent itemsets are important because:

¢ Rare combinations may be statistically insignificant

¢ Frequent patterns reflect meaningful consumer behavior

6.2.3 The Apriori Principle

The Apriori algorithm is built upon a simple yet powerful idea known as the Apriori
Principle.

Apriori Principle:

If an itemset is frequent, then all of its subsets must also be frequent.
Conversely:

If an itemset is infrequent, all its supersets will.also beiinfrequent.

This principle dramatically reduces the search space when mining large datasets.

Why Apriori Works

Apriori avoids unnegessary cemputation by eliminating impossible
candidates early, making large-scale analysis feasible.

6.2.4 Introdugétion tothe Apriori Algorithm

The Apriori algorithm is one of the earliest and most widely used algorithms for
mining frequent itemsets and génerating association rules from transactional databases.

Objectives of Apriori:
¢ Identify frequent itemsets
¢ Use frequent itemsets to generate strong association rules

Before diving into the specific steps, it helps to understand the "strategy" the
algorithm uses to handle massive amounts of data without getting overwhelmed.

1. The Core Strategy: "Level-by-Level" Searching

The Apriori algorithm doesn't try to find every possible combination of items at
once. Instead, it works like a ladder:
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¢ Step 1: It looks at single items first (e.g., just Bread, just Milk).

¢ Step 2: [t uses the popular single items to guess which pairs might be popular
(e.g., {Bread, Milk}).

¢ Step 3: It uses popular pairs to guess groups of three, and so on.

2. The "Pruning'" Magic (Cutting the Grass)

The secret to Apriori's speed is Pruning. If a single item (like "Blueberry Jam") is
rarely bought, the algorithm is smart enough to know that a combination like {"Blueberry
Jam" + "Milk" + "Bread"} will also be rare.

¢ What it does: It immediately stops looking at any group containing that rare
item.

¢ Why it helps: This saves the computer from doing millions of useless
calculations.

3. Goal: Finding "Strong" Rules

The ultimate goal of these steps is to find ASsoeiation Rules($X \Rightarrow Y$)
that are:

¢ Frequent: They happen often enough to be important (High Support).

¢ Reliable: If a customerbuys $X$, there 1s'ahigh chance they buy $Y$ (High
Confidence).

Summary for Self-Study:

¢ Apriori = A "bottem-up™approach.

¢ The Filter = Use a "Mifitmum Support" threshold to keep only the popular
items.

¢ The Efficiency = If the subset is unpopular, the whole group is ignored (The
Apriori Principle).

6.2.5 Steps in the Apriori Algorithm

The Apriori algorithm follows an iterative, level-wise approach:
1. Generate all 1-itemsets

Calculate support for each itemset

Prune itemsets below minimum support

ol

Generate candidate k-itemsets from frequent (k—1)-itemsets

5. Repeat until no new frequent itemsets are found
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6.2.6 Generation of Frequent Itemsets (Illustrative Example)

Consider the following transactional dataset:

Transaction | Items

Tl {Milk, Bread}

T2 {Milk, Diaper, Beer}
T3 {Bread, Milk, Diaper}
T4 {Milk, Bread, Beer}

Step 1: Generate 1-Itemsets

Item | Count
Milk 4
Bread 3
Diaper 2
Beer 2

Assume minimum support = 2.
All items satisfy the condition and are frequént 1-itemsets.
Step 2: Generate 2-Itemsets
Possible combinations:
¢ {Milk, Bread}
¢ {Milk, Diaper}
¢+ {Milk, Been}
¢ {Bread, Diapes}
¢ {Bread, Beer}

Itemsets with support > 2 are retained as frequent 2-itemsets.

Candidate Pruning

Itemsets that fail the minimum support test are eliminated early, preventing
exponential growth in computation.

6.2.7 Strengths and Limitations of Apriori

Strengths

¢ Simple and intuitive

¢ Easy to implement
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¢ Strong theoretical foundation

Limitations

¢ Multiple database scans
¢ Computationally expensive for large datasets

¢ Candidate generation overhead

These limitations motivate the use of improved algorithms such as FP-Growth,
discussed later in this unit.
6.2.8 Measures of Association Rule Strength

Identifying frequent itemsets alone is not sufficient for meaningful decision-making.
An itemset may appear frequently, but it may not imply a useful relationship. To
evaluate the strength, usefulness, and reliability of association rules, three key measures
are used:

¢ Support
¢ Confidence

¢ Lift

These measures help determineWhether an association rule is statistically significant
and practically valuable.

6.2.9 Support
Definition

Support measures how frequently an itemset appears in the transactional dataset. It
represents the proportion of trafisactions that contain a particular itemset.

Mathematical Expression

For an itemset X:
Number of transactions containing X

Support(X) =
ppoTt(X) Total number of transactions

Example 2.1: Support Calculation

Consider the following dataset of 5 transactions:

Transaction | Items

T1 Bread, Milk

T2 Bread, Diaper, Beer
T3 Milk, Diaper, Beer
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T4 Bread, Milk, Diaper
T5 Bread, Milk

If Bread appears in 4 transactions:

4
Support(Bread) = i 0.8

Interpretation

A support value of 0.8 indicates that Bread is purchased in 80% of transactions. High
support implies popularity but does not guarantee a strong association.

Key Observation

High support alone is not enough. A rule must also show dependency between
items.

6.2.10 Confidence

Definition

Confidence measures how often items ifi Yappear in transactions that already contain
itemset X. It represents the conditional probability of buying Ygiven that Xhas been
purchased.

Mathematical Expression

Forarulex = Y:
Support(X UY)
Support(X)

Confidence(Xi=Y) =

Example 2.2: Confidence Calculation
Assume:
¢ Support({Milk}) =4
¢ Support({Milk, Bread}) =3
Confidence(Milk = Bread) = % = 0.75

Interpretation

A confidence of 0.75 means that 75% of customers who buy Milk also buy Bread.

Important Note

Confidence is directional. Confidence(Milk — Bread) # Confidence(Bread
— Milk)
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6.2.11 Limitations of Confidence

Although confidence measures reliability, it does not consider item popularity. A
highly popular item may inflate confidence values even when no true dependency exists.

This limitation leads to the introduction of Lift.

6.2.12 Lift

Definition

Lift measures how much more often Xand Yoccur together than expected if they
were statistically independent.

Mathematical Expression
Confidence(X =Y)

Lift(X = Y) = Support(t)

Interpretation of Lift Values

Lift Value | Meaning

>1 Positive assogiation
=1 No‘association

<1 Negative association

Example 2.3: Lift Calculation

Assume:

¢ Confidence(Milk'— Bread) = 0.75
¢ Support(Bread) =016

075
Lift=—— =1.25
0.6

Interpretation

A lift of 1.25 indicates that customers who buy Milk are 25% more likely to buy
Bread compared to a random customer.

Why Lift Matters

Lift filters misleading rules and highlights truly meaningful relationships.
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6.2.13 Comparative View of Support, Confidence, and Lift
Table 6.2.1 Comparison between Support, Confidence and Lift

Measure  Focus Limitation

Support Frequency Ignores dependency
Confidence Reliability Ignores popularity
Lift True association Requires interpretation

Each measure plays a complementary role in evaluating association rules.

6.2.14 Rule Selection in Practice

In real-world applications, rules are selected by setting:
¢ Minimum support threshold
¢ Minimum confidence threshold
¢ Lift > 1 condition

Only rules satisfying all criteria are considered strong rules.

Evaluation of Associalion Rules in Data Mining .

SUPPORT | CONFIDENCE LIFT
(Fraquency| {Radiability) [Corrakation)

B\ &

Sugport(a -+ B) Canfiderce(a —+ g) Lift(a - B) = PlB
=PiA OB ) = F{BIA) :

Comtext: Associetion Rule Mining, Aprion algorithin, and FP-Growth

. 4
Fig. 6.2.1 Evaluation of Association Rules using Support, Confidence, and Lift

6.2.15 Discussion Summary

Support identifies frequent patterns, confidence measures rule reliability, and lift
evaluates true dependency. Together, these measures ensure that selected association
rules are not only frequent but also meaningful and actionable. Understanding their
strengths and limitations is essential before applying advanced algorithms such as
FP-Growth.

6.2.16 FP-Growth Algorithm

The FP-Growth (Frequent Pattern Growth) algorithm was proposed to overcome
the major limitations of the Apriori algorithm, particularly the high cost of candidate
generation and multiple database scans.
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Unlike Apriori, FP-Growth does not generate candidate itemsets explicitly. Instead,
it compresses the transactional database into a compact data structure called an FP-Tree
(Frequent Pattern Tree) and mines frequent patterns directly from it.

Motivation for FP-Growth

The Apriori algorithm becomes inefficient when:

¢ The dataset is very large

¢ There are many frequent items

¢ Multiple scans of the database are costly

FP-Growth addresses these issues by:

¢ Reducing database scans

¢ FEliminating candidate generation

¢ Using a divide-and-conquer strategy

Core Idea

FP-Growth compresses data first, then mines patterns—Apriori mines
patterns while scanning data repeatedly:

6.2.17 Construction of FP-Tree

The FP-Tree is a prefix.tiee structure that stores transactions in a compressed form.

Steps in FP-Tree Construetion

1.

A

Scan the database once£o compute item frequencies
Remove infrequent items

Sort remaining items in descending order of frequency
Insert transactions into the FP-Tree

Maintain a header table linking identical items

FP-Tree Illustration

Consider the frequent items ordered by frequency: Milk > Bread > Diaper > Beer

Transactions are inserted into the tree following this order, sharing common prefixes
wherever possible.

e
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Advantage of Prefix Sharing

Common prefixes reduce memory usage and speed up pattern mining.

6.2.18 Mining Frequent Patterns from FP-Tree

Once the FP-Tree is built, frequent patterns are mined using conditional pattern
bases.

Key Concepts
¢ Conditional Pattern Base: Set of prefix paths ending with a given item
¢ Conditional FP-Tree: FP-Tree built from the conditional pattern base

¢ Recursive mining: Patterns are mined recursively until no further frequent
itemsets exist

This recursive process efficiently discovers all frequent itemsets\without candidate
generation.

6.2.19 Comparison: Apriori v§ FP-Growth
Table 6.2.2 Comparison between Apriori and FP-Growth

Aspect Apriori FP-Growth
Database Scans Multiple Two
Candidate Generation Required Not required
Efficiency: Low for large datasets High
Memory Usage High Optimized
Scalability Limited Excellent
Complexity Simple More complex

Practical Insight

Apriori is preferred for teaching and small datasets, while FP-Growth is
used in real-world large-scale applications.

6.2.20 When to Use Apriori or FP-Growth

¢ Use Apriori when:
* Dataset is small
» Interpretability is important

» Teaching and learning fundamentals
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¢ Use FP-Growth when:
* Dataset is large
e Performance is critical

*  Memory optimization is required

Recap
¢ Association rule mining discovers relationships among items in transactional
data.
¢ An association rule is expressed as X = Y.

¢ The Apriori principle states that all subsets of a frequent itemset must be
frequent.

¢ Apriori follows a level-wise approach to generate frequent itemsets.
¢ Support measures frequency of an itemset.

¢ Confidence measures conditional probabilityref a rule.

¢ Lift measures true dependency between items.

¢ Confidence alone may be misleading:due to item popularity.

¢ FP-Growth improves efficiency by avoiding candidate generation.

¢ FP-Tree compresses transactional data using prefix sharing.

¢ FP-Growth i§ faster and moereséalable than Apriori.

Objective Type Questions

1. What is association rule mining?

What form does an association rule take?
What is the Apriori principle?

Why is candidate generation costly in Apriori?
What does confidence measure?

Why is lift preferred over confidence alone?

What data structure is used in FP-Growth?

g XN en @ = W N

How many database scans are required in FP-Growth?
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9. What is a conditional pattern base?

10. Which algorithm avoids candidate generation?

Answers to Objective Type Questions

1. Discovery of relationships among items
X implies Y

Subsets of frequent itemsets are frequent

> »bN

Exponential growth of candidates
Conditional probability

It considers item independence
FP-Tree

Two

2 L N ey &

Prefix paths for an item

10. FP-Growth

Assignments

1. Explain association rule'mining with suitable examples.
Describe the Aprioritalgorithm and its working steps.

Explain support, confidence, and lift with numerical illustrations.
Discuss the limitations of the Apriori algorithm.

Explain the construction of an FP-Tree.

Compare Apriori and FP-Growth algorithms.

[llustrate a real-world application where FP-Growth is preferred.

L N e ¥ = W N

Justify the importance of lift in association rule evaluation.
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Unit 3

Fundamentals of Reinforcement
Learning

Learning Outcomes

After completion of this unit, the learner will be able to:

<

explain the concept and motivation of reinforcement learning

<

identify and describe the elements of a reinforcement learning system

¢ model decision-making problems using Markov Decision Processes (MDPs)

<

explain the Bellman Equation and its signifigance in dynamic programming

Prerequisites

So far, we have explored how machines,can discover patterns from historical data
using Market Basket Analysis. However, many realsworld problems do not provide
ready-made datasets or predefinéd answers. Instead, an intelligent system must learn by
interacting with its environment, making decisions, observing outcomes, and improving
over time.

Consider how a child learns to ridéabiCycle. There is no instruction manual explaining
the perfect balance. The child fries, falls, adjusts, and gradually improves. This trial-
and-error learning guided by feedback is the essence of Reinforcement Learning (RL).

To understand this unit, learnérs should be familiar with:

¢ Basic probability and decision-making ideas
¢ Simple programming logic and iteration
¢ The notion of learning from experience

No prior exposure to reinforcement learning is assumed. Concepts are introduced
gradually, starting from intuition and moving toward formal mathematical models.

Keywords

Reinforcement Learning, Agent, Environment, State, Action, Reward, Markov Decision
Process, Bellman Equation




Discussion

6.3.1 Introduction to Reinforcement Learning

Reinforcement Learning (RL) is a branch of machine learning that focuses on
learning through interaction. Unlike supervised learning, where a model learns from
labeled examples, reinforcement learning involves an agent that learns by performing
actions in an environment and receiving feedback in the form of rewards or penalties.

The primary goal of reinforcement learning is to learn an optimal strategy, called a
policy, that maximizes cumulative reward over time.

Reinforcement Learning Paradigm

In reinforcement learning:

¢ The learner is called an agent

¢ The world the agent interacts with is called the environment
¢ The agent observes the state of the environment

¢ The agent selects an action

¢ The environment returns a reward/and moves to a new state

This continuous interaction forms a learning,loop.

Learning by Doing

Reinforcement learning mimics /matural learning processes, where
improvement comies from experience rather than instruction.

6.3.2 Elementsiof' Reinforcement Learning

A reinforcement learningSystem is defined by a set of fundamental components that
together describe the learning process.

Agent

The agent is the decision-maker or learner. It is responsible for selecting actions
based on observations of the environment.

Examples of agents include:

¢ A robot navigating a room
¢ A software program playing a game

¢ A recommendation engine adapting to user behavior
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Environment
The environment is everything outside the agent that the agent interacts with.

Examples:

¢ A physical world for a robot

¢ A game board for a game-playing agent

¢ A simulated market for trading algorithms
The environment responds to the agent’s actions and provides feedback.
State

A state represents the current situation of the environment as perceived by the agent.
It contains all the necessary information needed to make a decision.

Examples:
¢ Position of a robot

¢ Configuration of a chessboard

¢ Current inventory and demand in asupply system

State Representation

A good state representation captures all relevant information without
unnecessary detail.

Action

An action is a deeision'taken by the agent that affects the environment.
Examples:

¢ Move left or right
¢ Buy, sell, or hold

¢ Accelerate, brake, or turn

The set of all possible actions available to an agent in a given state is called the
action space.

Reward

A reward is a numerical feedback signal that indicates how good or bad an action
was.

¢ Positive reward — desirable outcome

¢ Negative reward — undesirable outcome
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The agent’s objective is to maximize cumulative reward, not immediate reward.

Delayed Gratification

In reinforcement learning, short-term losses may be necessary to achieve
long-term gains.

6.3.3 Reinforcement Learning Interaction Cycle

The reinforcement learning process follows a repeating cycle:

1. The agent observes the current state
The agent selects an action
The environment responds with a reward

The environment transitions to a new state

A

The agent updates its knowledge

This cycle continues until a goal is achieved or a termi1 tate is reached.

AGENT-ENVIRONME CTION LOOP

@

ENVIRONMENT

Reard
Fig. 6.3.1 Agent—Environment Interaction Loop

6.3.4 Why Reinforcement Learning is Important

Reinforcement learning is particularly suited for problems where:

¢ Actions influence future states
¢ Explicit labels are unavailable

¢ Sequential decision-making is required

AAAAAAAAAAAAAA
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Applications include:

¢

Robotics

Game playing (Chess, Go, Video Games)
Autonomous vehicles

Recommendation systems

Resource allocation

6.3.4.1 Breaking It Down: Why We Need Reinforcement Learning (RL)

Think of RL as the "Experience-Based" way of learning. While other types of
machine learning might learn from a teacher (labels) or by looking for patterns in a pile
of data (unsupervised), RL is about action and reaction.

1. The "Superpower" of RL

¢

Learning in the Dark: RL works even when we don't have a dataset of
"right" and "wrong" answers. The agent exploresiand finds the right answers
itself.

Future-Focused Thinking: Unlike simple patterns, RL understands that
an action taken now affects what happens /ater. This is called "sequential
decision-making".

Constant Improvement: The syStemdoesn't just learn once; it keeps getting
better every time it interacts with its/environment.

2. A Simple Analogy: Training a Puppy

To understand the importance of the RL cycle, imagine training a puppy to "Sit":

1.

A

State: The puppyuis.standing.
Action: The puppy sits down.
Reward: You give it a treat (Positive Reward).

Learning: Next time, the puppy is more likely to sit when it sees the same
"state" because it wants the reward.

3. Real-World Impact

Because RL can handle complex, changing situations, it is essential for:

¢

Robotics: Teaching a robot to walk without falling.

¢ Games: Mastering games like Chess or Go by playing against itself millions

1

of times.
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¢ Self-Driving Cars: Learning how to navigate traffic safely by observing the
road and making constant adjustments.

RL is important because it allows machines to solve problems that are too complex
for human instructions. By focusing on the "Reward," the machine learns to become an
expert on its own through trial and error.

6.3.5 Discussion Summary

Reinforcement learning introduces a new learning paradigm where agents learn from
experience rather than examples. By interacting with an environment, observing states,
taking actions, and receiving rewards, an agent gradually learns optimal behavior.
Understanding the basic elements of reinforcement learning is essential before
formalizing the process using Markov Decision Processes.

6.3.6 Markov Decision Process (MDP)

To model reinforcement learning problems rigorously, ‘We use a mathematical
framework known as the Markov Decision Process (MDP)."An MDP provides a
structured way to describe sequential decision-makingunder uncertainty.

An MDP is defined by a 5-tuple:
(S,AP.RY)
where:
¢ 5= set of states
¢ A=get of actions
¢ P=state transition probability,funiction
¢ R=reward functien

¢ Y=discount factor
States (S)
The state space Scontains all possible states the agent can be in.

Examples:

¢ All positions of a robot in a grid
¢ All possible board configurations in a game
¢ All possible system conditions in a control problem

The quality of learning strongly depends on how well states represent the environment.
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Actions (A)
The action space Aconsists of all actions the agent can take.

Actions may be:

¢ Discrete (move left, move right)

¢ Continuous (steering angle, speed)
The available actions may vary depending on the current state.
Transition Probability Function (P)

The transition probability defines how the environment changes in response to an

action.
P(s'|s, a)
This represents the probability that the agent moves from statesto state s’after taking
action a.
Uncertainty in RL

Real-world environments are often stochastic, meaning the same action
may lead to different outcomes.

Reward Function (R)

The reward function specifies the@immediate reward received after transitioning
from one state to another due to\an action.

R(s,a,s")
Rewards guide the agent toward desirable behavior and away from undesirable
outcomes.
Discount Factor (y)

The discount factor y(where 0 < y < 1) determines how much future rewards are
valued compared to immediate rewards.

¢ ¥y = 0: agent considers only immediate reward

¢ y =~ 1:agent values long-term reward

Long-Term Thinking

The discount factor controls the agent’s patience and foresight.
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6.3.7 The Markov Property
An MDP satisfies the Markov property, which states:
The future depends only on the present state and action, not on the past history.

Mathematically:

P(Spsq18:.a¢) = P(Sy1S0.Qg, e Se, Q)

This assumption simplifies learning and makes reinforcement learning
computationally feasible.

6.3.7.1 Simple Breakdown: What is the Markov Property?

In Reinforcement Learning, the Markov Property is like a "short-term memory" rule
for the machine. It says that the agent only needs to know where it is right now to decide
what to do next. It doesn't need to remember every single step. it took to get there.

1. The "Present is Enough'" Rule

¢ The Concept: To predict the future (the next state), all the/information you
need is contained in the current statednd the action yousare about to take.

¢ The Benefit: This makes things much easier for the computer. If the machine
had to remember 1,000 past steps @very time it made a decision, it would
eventually run out of memory and become vety slow.

2. A Real-Life Analogy: A Game of Snakes and Ladders
Think about playing a board game like Snakes and Ladders:
¢ Markov Style: If youland on Square 25, it doesn't matter if you got there by

climbing a laddér from Square 2 or by sliding down a snake from Square 50.
All that matters for youf next turn is that you are on Square 25.

¢ Non-Markov Style: Imagine if the rules said, "If you reached Square 25
using a ladder, you roll one die, but if you got there by walking, you roll
two." Now, you have to remember your whole history just to take one turn.
That is not the Markov Property.

3. Why This Matters for Machines

¢ Efficiency: By focusing only on the current state ($s_t$) and action ($a_t$),
the machine can calculate its next move much faster.

¢ Simplicity: It allows us to use mathematical formulas (like the transition
probability P(s'|s, a)) that don't change based on how the agent arrived at
the current state.
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Summary for Self-Study

¢ The Core Idea: The "Future" depends only on the "Present," not the "Past".
¢ The Goal: Simplify the problem so the machine can learn faster.
e Key Phrase: "Forget the path, focus on the position."

6.3.8 Policy (m)

A policy defines the agent’s behavior. It specifies which action the agent should take
in each state.

n(als)
Policies can be:

¢ Deterministic: always choose the same action

¢ Stochastic: choose actions probabilistically

The objective of reinforcement learning is to find an‘@ptimal policy.

6.3.9 Value Functions

Value functions estimate how good it is for an agent to be in a given state or to
perform a given action.

State Value Function (V)

V(s) = E, Z TtTt+1|SD = S]

It represents thé expectedieumulative reward starting from state Sand following
policy .

Action Value Function (Q)
Q"(s,a) = E,

(=)

£ — -
Z Y TesalSo = 5.0 = "1]
t=0

This measures the value of taking action ain state sand then following policy 7.

Why Value Functions Matter

Value functions transform trial-and-error experience into numerical guidance
for decision-making.

6.3.10 Optimal Policy and Optimal Value Functions

An optimal policy m is one that yields the maximum expected cumulative reward
from every state.
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V (s) =max . V™(s)Q (s,a)=max ,Q"(s a)

Once the optimal value function is known, the optimal policy can be derived directly.

6.3.11 Discussion Summary

Markov Decision Processes provide a formal foundation for reinforcement learning.
By defining states, actions, transition probabilities, rewards, and discounting, MDPs
model complex decision-making problems in a structured way. Policies and value
functions allow agents to evaluate actions and select optimal behavior over time.

6.3.12 Dynamic Programming in Reinforcement Learning

Dynamic Programming (DP) is a collection of methods used to solve complex
problems by breaking them down into simpler subproblems. In reinforcement learning,
dynamic programming provides a theoretical foundation for computing optimal policies
when the MDP model is fully known.

Dynamic programming relies on two key assumptions:
1. The environment satisfies the Markov preperty
2. The transition probabilities and reward functions are known

Although these assumptions may not always hold in real-world scenarios, dynamic
programming plays a vital role inwfiderstanding reinforcement learning algorithms.

Role of Dynamic Programming

Dynamic programming does not learn from experience; instead, it computes
optimal solutiohs using complete knowledge of the environment.

6.3.13 Bellman Equation

The Bellman Equation is one of the most fundamental equations in reinforcement
learning. It provides a recursive relationship between the value of a state and the values
of its successor states.

Bellman Expectation Equation (State Value Function)

For a given policy r, the Bellman expectation equation for the state value function is:

vis) = ). mal) ). P(s'ls dR(s a8 + V(s

acd

This equation expresses the value of a state as:

¢ The expected immediate reward

¢ Plus the discounted value of future states
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Interpretation
The Bellman equation tells us that:

The value of a state equals the immediate reward plus the expected value of the next
State.

This recursive nature allows value functions to be computed iteratively.
Bellman Optimality Equation

The Bellman optimality equation defines the value of a state under the optimal policy:

V (s) = max aE_qZ P(s’|s,a)[R(s,a,s’)+]fV (s’)]

S,.l'

This equation replaces the expectation over actions with a maximum, ensuring
optimal decision-making.

Bellman Equation for Action Value Function

Q (sa)= Z P(s'|s,a) [R(s, @ s') Fymax ;2 Q (S',a’)]

S,.l'

This form is particularly important for ‘algorithms such as Q-Learning, discussed in
the next unit.

Why Bellman Matters

Almost all reinforceémentlearning algorithms are derived directly or indirectly
from the Bellm@n equation.

6.3.14 Solved Illustration: Bellman Equation

Problem

Consider a state Swith two possible actions a,and a,. The immediate rewards are 5 and
3 respectively. Assume a discount factor y = 0.9and the next state value is 10 for both
actions.

Solution

For action a;:

Q(S,a,)=5+09x10 =14

For action a,:

Q(S,a,) =3+09x10=12
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Conclusion

Since Q(S,a,) > Q(S, a,), the optimal action in state Sis a;.

6.3.15 Importance of Bellman Equation

The Bellman equation is important because it:

¢ Breaks complex decision problems into simpler recursive relationships
¢ Forms the basis of value iteration and policy iteration
¢ Enables optimal policy computation

¢ Supports both model-based and model-free reinforcement learning

Recap

¢ Reinforcement learning enables learning through interaction with an
environment.

¢ An agent learns by observing states, takingyactionsyand receiving rewards.
¢ The objective is to maximize cumpulative reward over time.

¢ Markov Decision Processes provide,a formal framework for reinforcement
learning.

¢ An MDP consists of states, actions, transition probabilities, rewards, and a
discount factor.

¢ The Markovproperty ensutes.dependence only on the current state.
¢ A policy defines.the agent’s behavior.
¢ Value functions estimate long-term rewards.

¢ Dynamic programming computes optimal solutions when the model is
known.

¢ The Bellman equation expresses value recursively.

¢ Bellman optimality ensures maximum long-term reward.

Objective Type Questions

1. What is reinforcement learning?
2. Who is called an agent in reinforcement learning?

3. What does an environment represent?
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4. What is meant by a state?

5. What is a reward signal?

6. What is a Markov Decision Process?

7. What does the discount factor represent?

8. What is a policy in reinforcement learning?
9. What does a value function estimate?

10. What is the Bellman equation used for?

Answers to Objective Type Questions

[S—

Learning by interaction
Decision-maker

External system

Current situation

Feedback signal

Sequential decision model
Importance of future réwards

Action selection strategy.

2 L N v B o

Expected cumulative reward

10. Recursive valueicomputation

Assignments

1. Explain reinforcement learning with a real-world example.

Describe the components of a reinforcement learning system.

Explain Markov Decision Processes with suitable illustrations.

Discuss the significance of the Markov property.

Explain the Bellman expectation and optimality equations.

Solve a simple reinforcement learning problem using the Bellman equation.

Compare supervised learning and reinforcement learning.

g N o ¥ o~

Discuss the role of dynamic programming in reinforcement learning.
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Unit 4
Model Free Methods

Learning Outcomes

After completion of this unit, the learner will be able to:
¢ explain the concept of model-free reinforcement learning
¢ describe Monte Carlo methods for value estimation
¢ explain Temporal Difference learning and its advantages
¢ distinguish between Q-Learning and SARSA algorithms

¢ compare on-policy and off-policy learning approaches

Prerequisites

In Unit-3, reinforcement learninggproblems weremodeled using Markov Decision
Processes, assuming that the en¥ironment’s transition probabilities and reward functions
were known. However, in most real-world situations—such as robotics, games, and
online systems—the agent doés not have acgess to an explicit model of the environment.

Consider learning to play a newiwvideo game. You are not given the game’s rules,
probability transitions, ora€watd structure in advance. Instead, you learn by playing
repeatedly, observingfoutcomes, and adjusting your strategy. This form of learning,
driven purely by experience, is’known as model-free reinforcement learning.

To understand this unit, learners should be familiar with:
¢ Value functions and Bellman equations
¢ Basic reinforcement learning terminology
¢ [terative improvement and learning from experience

This unit focuses on how agents learn optimal behavior without knowing the
environment model.

Keywords

Model-Free Reinforcement Learning,Monte Carlo Methods,Temporal Difference
Learning,Q-Learning, SARSA,On-policy Learning,Oftf-policy Learning,Action-Value
Function
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Discussion

6.4.1 Introduction to Model-Free Reinforcement Learning

Model-free reinforcement learning refers to a class of methods where the agent
learns directly from experience, without building an explicit model of the environment’s
dynamics.

In contrast to model-based methods, model-free approaches:

¢ Do not require transition probabilities
¢ Do not require reward models
¢ Learn values or policies through interaction

The agent relies entirely on observed state—action—reward sequences.

Key Distinction

Model-based RL learns about the environment;model-free RL learns from
the environment.

We have learned that "Model-Free" Reinforcement Learning means the agent doesn't
have a map or a rulebook for how the envitonment wotks. It has to figure things out on
its own.

1. How does it learn without a map?

Imagine you are in a.dark room and need to find the exit. You don't have a flashlight
(the "Model").

¢ Trial and Errer: You move in a direction. If you hit a wall, that’s a "penalty"
(Negative Reward). If you move closer to the door, you might feel a breeze,
which is a "positive'signal" (Reward).

¢ Experience Over Theory: You don't need to know the exact dimensions of
the room; you just need to remember which moves led to good results and
which led to bad ones.
2. The Core Mechanism: The ""Value" of an Action

Since there is no model to tell the agent what will happen next, the agent focuses on
Action-Values (often called Q-values):

¢ Q-Value: This is basically a "score" the agent gives to a specific action in a
specific situation.

¢ The Goal: The agent wants to find the action with the highest "score" to get
the most rewards over time.
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3. Why is this useful?

¢ Real-World Complexity: Most real-world problems (like the stock market
or a robot walking) are too complex to have a perfect "map" or model.

¢ Adaptability: Because it learns from experience, the agent can adapt if the
environment changes slightly.

Summary for Self-Study:

¢ No Model = No Predictions: The agent doesn't try to predict what the next
state will be.

¢ Experience is Key: It only cares about the Reward it gets after an action.

¢ The Strategy: It focuses on learning a "Policy" (a plan) by simply trying
things out and seeing what works.

6.4.2 Why Model-Free Methods are Important?

Model-free reinforcement learning is essential because:

¢ Many environments are too complexto model
¢ Transition dynamics may be unknown or changing
¢ Real-time learning is oftenaequired

Applications include:

¢ Game-playing agents
¢ Autonomous robots
¢ Recommendation systems

¢ Financial trading‘systems

6.4.3 Categories of Model-Free Methods

Model-free methods are broadly classified into:
1. Monte Carlo Methods
2. Temporal Difference (TD) Learning Methods

Both approaches estimate value functions, but they differ in how and when updates
are made.
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6.4.4 Monte Carlo Methods

Monte Carlo (MC) methods estimate value functions based on complete episodes
of experience. An episode is a sequence of states, actions, and rewards that ends in a
terminal state.

Key Characteristics of Monte Carlo Methods

¢ Learning occurs only after an episode ends
¢ No need for a model of the environment
¢ Value estimates are based on actual returns

The return G,is defined as:
Gy =Tepr +Vlesn + Vg + oo

Monte Carlo Value Estimation

The value of a state is estimated as the average of returns observed after visiting that
state.

V(s) = Average of all réturns following state s

Over time, these estimates converge to the true value.

Strength of Monte Carlo

Monte Carlo methods are unbiased because they rely on real observed
outcomes.

6.4.5 First-Visiggnd Every-Visit Monte Carlo
Monte Carlo methods camsbefurther classified into:

First-Visit Monte Carlo

¢ Updates value only on the first occurrence of a state in an episode

Every-Visit Monte Carlo

¢ Updates value every time a state is visited in an episode

Both approaches converge under suitable conditions.

6.4.6 Limitations of Monte Carlo Methods

Despite their simplicity, Monte Carlo methods have limitations:
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¢ Cannot be used in continuing (non-terminating) tasks
¢ Learning is slow because updates occur only after episodes end
¢ High variance in value estimates

These limitations motivate the use of Temporal Difference learning.

6.4.7 Discussion Summary

Model-free reinforcement learning enables agents to learn optimal behavior without
knowing the environment model. Monte Carlo methods represent the simplest form
of such learning, relying on complete episodes and actual returns. While effective in
episodic tasks, their limitations lead to more efficient approaches such as Temporal
Difference learning.

6.4.8 Temporal Difference (TD) Learning

Temporal Difference (TD) learning is a model-free reinforecement learning method
that combines ideas from Monte Carlo methods andd®ynamic Progtamming.

Unlike Monte Carlo methods, TD learning:

¢ Does not wait for an episode to finish
¢ Updates value estimates step by step
¢ Learns directly from indomplete sequences of experience

TD learning updates estimates based on the difference (error) between predicted and
actual rewards—this diffesence is,called the Temporal Difference error.

Why “Temporal Différence”?

Learning is driven by the difference between value estimates at successive
time steps.

6.4.9 TD(0): One-Step Temporal Difference Learning

The simplest TD method is TD(0), where updates are made using only the next
immediate reward and next state value.

TD(0) Update Rule

The value of a state is updated as:

V(s:) « V(sy) + alrpey + ¥V (sp1) — V(s:)]

where:

¢ a=learning rate
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¢ 1:.,=reward received

¢ Y=discount factor

¢ V(s¢.1)= estimated value of next state
The term inside brackets is called the TD error.

Temporal Difference Error

O = Teiq + YV (Sprq) —VI(s:)
¢ Positive TD error — better than expected outcome

¢ Negative TD error — worse than expected outcome

Box 4.4 — Learning Signal

The TD error tells the agent hzow wrong its prediction was.

6.4.10 Solved Illustration: TD Learning

Problem

Assume:

¢ Current state value V(s) =5
¢ Next state value V(s')= 6

¢ Rewardr =2

¢ Discount fagtor y = 0.9

¢ Learning rate@=10.1

Solution
TD error:
§=24+09x6—-5=24
Updated value:
V(s) =5+0.1x24=5.24
Interpretation

The value of the current state increases because the outcome was better than expected.
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6.4.11 Monte Carlo vs Temporal Difference Learning

Table 6.4.1 Comparison between Monte Carlo and Temporal Difference Learning

Aspect Monte Carlo Temporal Difference
Update timing After episode ends After every step
Episode required Yes No

Bias Unbiased Slight bias

Variance High Lower

Speed of learning Slow Faster

Practical use Limited Widely used

Practical Preference

TD learning is preferred in real-world systems because it supports online,
continuous learning.

6.4.12 Advantages of TD Learning

¢ Learns from incomplete episodes

¢ Faster convergence

¢ Suitable for continuing tasks

¢ Does not require a model of the®envitonment

These advantages make/ED learning the foundation for Q-Learning and SARSA.

6.4.13 From State Values to Action Values

So far, TD learning estimate$ state values. However, in many problems, we need to
evaluate state—action pair§idirectly.

This leads to action-value learning, where the agent learns Q(s, a)instead of V(s).
The two most important action-value algorithms are:

¢ Q-Learning

¢ SARSA

These are discussed next.

6.4.14 Discussion Summary

Temporal Difference learning bridges the gap between Monte Carlo methods and
dynamic programming. By updating value estimates incrementally using TD error,

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning @



it allows agents to learn efficiently from ongoing interaction. TD learning forms the
backbone of modern reinforcement learning algorithms.

6.4.15 Q-Learning

LSRR N

L

Fig. 6.4.1 Q Learning

Q-Learning is a widelyused model-free, off-policy reinforcement learning algorithm
that learns the optimal action-value function directly from experience.

Unlike policy-based methods, Q-Learning does not require following the current
policy while learning. It aims to learn the optimal policy regardless of the agent’s
behavior.

Action-Value Function in Q-Learning

Q-Learning estimates the optimal action-value function Q@ (s, a), which represents
the maximum expected cumulative reward obtainable by taking action ain state sand
then following the optimal policy.

Q-Learning Update Rule

Q(s;.a.) <« Q(sp. a.) + alryyy +ymax o Q(sp45.a') — Q(s:, ap)]
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where:

¢ a=learning rate
¢ Y= discount factor
¢ T::1= immediate reward

¢ max , Q(sy,q,a" )= Dbest future action value

Core Idea of Q-Learning

Q-Learning learns what should be done, not what is actually done.

Key Features of Q-Learning

¢ Model-free
¢ Off-policy
¢ Guaranteed convergence under suitable conditions
¢ Widely used in practical applications
6.4.16 Solved Illustration: Q-Learning
Problem

Assume:
¢ 0Ofs,a) =10
¢ Rewardr #4
¢ y=109
¢ Maximum future‘Q-value max Q(s’,a’) = 12

¢ Learning rate @ = 0.1

Solution

Q(s,a) =10 + 0.1[4+ 0.9 x 12 —10]10 + 0.1[4 + 10.8 — 10]10 + 0.1[4.8] = 10.48

Interpretation

The Q-value increases, indicating that the chosen action is better than previously
estimated.
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6.4.17 SARSA Algorithm
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Fig. 6.4.2 SARSA Algerithm
SARSA stands for:

State — Action — Reward — State — Aetion

SARSA is a model-free, on-policy reinforcement learning algorithm. It updates
Q-values based on the actual actionstaken by the agent.

SARSA Update Rule

Q(sp.ar) « Q(spa,) + alrdy + ¥Q(Sp41, 1) — Q(se, ap)]

Here, the next actign a..; is selected using the current policy.

Key Difference

SARSA learns from what the agent actually does, while Q-Learning learns
from what the agent could do optimally.

6.4.18 Solved Illustration: SARSA

Problem
Assume:
¢ Q(s,a)=28
¢ Rewardr=3

¢ y=09
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¢ Next Q-value Q(s',a") =9

¢ Learning rate @ = 0.1

Solution

Q(s,@) =8 +0.1[3+ 0.9 x 9 — 8]8 + 0.1[3 + 8.1 — 8]8 + 0.1[3.1] = 8.31

6.4.19 On-Policy vs Off-Policy Learning

Table 6.4.2 Comparison between On-Policy and Off-Policy Learning

Aspect SARSA Q-Learning
Policy type On-policy Off-policy
Update uses Actual action Best possible action
Risk sensitivity ~ Safer Aggressiye
Convergence Slower Faster

Practical behavior Conservative Optimistic

Real-World Insight

SARSA is preferred in safety-critical systems; Q-Learning is preferred
when performance is the priority.

Recap

¢ Model-free RIglearns direetly from experience.

¢ Monte Carlo methods update after complete episodes.
¢ Temporal Difference learning updates incrementally.
¢ TD(0) uses immediate reward and next-state value.

¢ Q-Learning is an off-policy algorithm.

¢ SARSA is an on-policy algorithm.

¢ Q-Learning uses maximum future Q-value.

¢ SARSA uses actual next action’s Q-value.

¢ On-policy methods are safer; off-policy methods are faster.
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Objective Type Questions

—

What is model-free reinforcement learning?

What does Monte Carlo learning require to update values?
What is Temporal Difference learning?

What does TD error represent?

What type of algorithm is Q-Learning?

What does SARSA stand for?

Which learning method is on-policy?

Which learning method is off-policy?

2 g & e B o R

What does Q(s,a) represent?

10. Which method uses the maximum future Q-value?

Answers to Objective Type Questions

[S—

Learning without environment model
Complete episode

Incremental learning

Prediction errox

Off-policy

State Action Reward State Action
SARSA

Q-Learning

2 g =F ey B’ o R

Action-value

10. Q-Learning

Assignments

1. Explain model-free reinforcement learning with examples.
2. Compare Monte Carlo and Temporal Difference learning.

3. Describe the Q-Learning algorithm with its update rule.
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4. Explain the SARSA algorithm and its working.

5. Differentiate between on-policy and off-policy learning.

6. Solve a simple problem using Q-Learning.

7. Discuss real-world applications of Q-Learning and SARSA.

8. Explain why TD learning is preferred over Monte Carlo methods.
Reference
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SREENARAYANAGURU OPEN UNIVERSITY
MODEL QUESTION PAPER (SET 1)

QP CODE.: ......... Reg. No:..ooviieiiee

FIFTH SEMESTER BACHELOR OF DATA SCIENCE AND ANALYTICS
EXAMINATION

DISCIPLINE CORE COURSE

B24DS07DC : MACHINE LEARNING

1

Time: 3 Hours Max Marks: 70
Section A
Answer any 10 questions. Each carries one mark
(10x1=10)
1. Which discipline helps Al understand and generate human language?
2. What is Symbolic AI?
3. What is an intelligent system?
4. Name one Machine Learning application used in healthcare.
5. What is a vector?
6. What type of learning uses labeled data?
7. Which machinelearningtechnique predicts continuous numerical values?
8. Which regressiongmeéthod is preferred when the data follows a curved
pattern?
9. Name the Naive Bayes classifier suitable for continuous data.
10. Write any two real world applications of SVM.
11. What is Logistic Regression?
12. What is the term for the center of a cluster in K-Means?
13. What does BIRCH stand for?
14. What does transactional data represent in market basket analysis?
15. What form does an association rule take?
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16.
17.
18.
19.
20.
21.
22.
23.
24.

25.

26.

27.
28.
29.
30.
31.
32.

33.

34.
35.

Section B
Answer any 5 questions. Each carries two marks

(5x2=10)

Write the applications of Artificial Intelligence in Autonomous Vehicles.
What are hybrid systems?

Explain Reinforcement Learning.

Differentiate between training data and testing data.

What is the Naive Bayes classifier?

Define confusion matrix.

Define Linear Discriminant Analysis (LDA).

What are the advantages of Principal Component Analysis (PCA)?

What is the special feature of the Fuzzy C-Means (FCM) soft clustering
algorithm?

Differentiate between on-policy and‘off-policy learning.

Section C
Answer any(§ questions. Each carries four marks

(5x4=20)

Explain the concept of Artifieial ntelligence and discuss the role of Cognitive
Science and the majergeals of Al.

What are Data-Driven Techniques in Artificial Intelligence?

Discuss the connéétion between Al and ML with suitable examples.
Explain Matrix Decomposition.

Explain linear regression and logistic regression with suitable examples.
Write about the types of Linear Regression.

Why is margin important in Support Vector Machines? Discuss its role in
classification accuracy.

Describe the differences between Binary, Multinomial, and Ordinal Logistic
Regression with examples

Write a detailed note on Hierarchical Clustering.

Explain Association Rule Mining with an example.
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Section D
Answer any 2 questions. Each carries fifteen mark

(2x15=30)

36. Discuss in detail the various performance metrics used in Machine Learning
and explain their significance in evaluating model performance.

37. Describe the ROC curve with suitable examples and explain its importance.

38. How can PCA be used for data preprocessing and visualization in machine
learning applications? Explain with suitable examples.

39. Using suitable examples, explain how Silhouette Score and Davies—Bouldin
Index are applied to evaluate clustering quality.
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SREENARAYANAGURU OPEN UNIVERSITY
MODEL QUESTION PAPER (SET 2)

QP CODE.: ......... Reg. Noioooiieeies

FIFTH SEMESTER BACHELOR OF DATA SCIENCE AND ANALYTICS
EXAMINATION

DISCIPLINE CORE COURSE

B24DS07DC : MACHINE LEARNING

Time: 3 Hours Max Marks: 70
Section A
Answer any 10 questions. Each carries one mark
(10x1=10)
1. List any four common areas where Al'is widely, used.
2. What is Artificial Intelligence (AI)?
3. Which goal of Al emphasizesifairnessytransparency, and accountability?
4. Identify the regression'metric that penalizes larger errors more.
5. Which learning method works with/unlabeled data?
6. Name one application of Machine Learning.
7. What is overfitting?
8. What is the differenee’between actual and predicted values known as?
9. Write any two advantages of regularization.
10. What matrix is calculated in PCA to understand the relationship between
features?
11. Which algorithm uses the softmax function?
12. What does the Silhouette Score measure?
13. What is the main difference between density based clustering and K means
clustering?
14. Define model-free reinforcement learning
15. What type of data is primarily used in Market Basket Analysis?
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16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

26.

27.
28.

29.
30.

31.
32.
33.

34.
35.

Section B

Answer any 5 questions. Each carries two marks

(5x2=10)

What are the goals of Artificial Intelligence (AI)?

Why are knowledge-based techniques important in expert systems?
Differentiate between discrete and continuous random variables.
Define overfitting and underfitting.

Define Linear Regression.

What is Multivariable Regression?

What are Support Vectors?

Why is Logistic Regression preferred for binary classifieation tasks?
Differentiate between agglomerative and divisive clustering

Compare supervised learning and reinferecement learning,

Section C

Answer any 5 questions. Each caxries four marks

(5x4=20)

Describe Natural Language Proceéssing and explain how it works with
suitable examples.

Explain the working of Natural Language Processing.

Write any four applieations of supervised Learning and unsupervised
Learning.

Explain Singular Value Decomposition (SVD)

Compare KNN and Decision Tree classification techniques with suitable
examples.

Define ROC Curve and explain its purpose in classification model evaluation.
Describe the working of LDA.

How does PCA use the covariance matrix, eigenvectors, and eigenvalues to
reduce dimensionality?

Explain the Fuzzy C-Means (FCM) algorithm.

Explain the concepts of Monte Carlo Learning and Temporal Difference
Learning with suitable examples.
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36.

37.

38.

39.

Section D
Answer any 2 questions. Each carries fifteen mark

(2x15=30)

Give a detailed explanation of any two sectors that widely utilize Al
technologies.

A classification model gives the following confusion matrix values:
TP =70, FP =10, FN =20, TN = 100.

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

b. Analyze whether the model performance is acceptable and
justify your answer.

Explain the importance of classification model evaluation in machine
learning. Discuss the confusion matrix and various evaluation metrics
derived from it.

Reinforcement learning agents can learn without a model of the environment.
Discuss how Monte Carlo methods, Temporal Difference learning,
Q-Learning, and SARSA support model-free learning:

SGOU - SLM - BSc- Data Science and Analytics - Machine Learning

o



avA3Q L1901 T®o

QilBy@OE3 TVLIGANOIB:6Mo

Qil0lal®O20] Mm206Mo

(Na0(alTVIBMIWY Qil86aB6mMo

1)0)(alH000GD MW1BHEEM

#)010)5l@3 alan) ameEBes

ey IolY]ed dmSlenemo

MSeManrlaimlwow allsssemo

M IMOHAURYAN] ald06mMo

WIM (DAL TDOWIMIERSB6Mo

ROOMIBRBAIOE:-AI06MO

GeNIoWOUOAIG3 ©136813) 210

DEMOIMBH(BGEA R1[HHGEM

3)0la)® (60)) M3

SREENARAYANAGURU OPEN UNIVERSITY

Regional Centres

Kozhikode

Govt. Arts and Science College
Meenchantha, Kozhikode,
Kerala, Pin: 673002
Ph: 04952920228
email: rckdirector@sgou.ac.in

Tripunithura
Govt. College
Tripunithura, Ernakulam,
Kerala, Pin: 682301
Ph: 04842927436
email: rcedirector@sgou.ac.in

Thalassery
Govt. Brennen College
Dharmadam, Thalassery,
Kannur, Pin: 670106
Ph: 04902990494
email: rctdirector@sgou.ac.in

Pattambi
Sree Neelakanta Govt. Sanskrit College
Pattambi, Palakkad,
Kerala, Pin: 679303
Ph: 04662912009
email: rcpdirector@sgou.ac.in



L BEFORE YOU EVEN
VOONC THINK OF RAGGING

W

= Blacklisting =

g

Download

ANTI
BAGGING

App
Don'’t just stand and watch. Stop ing! Character
Visit UGC Website i.e. www.ugc.Ac.in & www antinaging.i agging regulations.

i Are You Being Ragged ?
Ministry of Education 4 @) RS sigar s

Government of India X University Grants Commission :
fieid

o wnsensgea quality higher education for all

DON'T LEJFI
BE TOO LAT

9}

SA
NO

LOVE YOURSELF
AND ALWAYS BE
HEALTHY

SREENARAYANAGURU OPE

The State University for Education, Training and Research in Blended Format, Kerala

- — P <




Machine Learning
COURSE CODE: B24DS07DC

ISBN 978-81-99755k-2-8

Sreenarayanaguru Open University || |||
Kollam, Kerala Pin- 691601, email: info@sgou.ac.in, www.sgou.ac.in Ph: +91 474 2966841 91788199"755628





