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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 in information technology (IT). The curriculum
has been carefully structured to ensure a logical progression of topics,
allowing you to develop a clear understanding of the evolution of the
discipline. It is thoughtfully curated to equip you with the knowledge and
skills to navigate current trends in IT, while fostering critical thinking and
analytical capabilities.The Self-Learning Material has been meticulously
crafted, incorporating relevant examples to facilitate better comprehen-
sion.

Rest assured, 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. 01-05-2025
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Unit 1

Introduction to Data Science

Learning Outcomes

After completing this unit, the learner will able to:
¢ understand the fundamentals of Data Science.

¢ identify the core components of the data science process, including data
collection, cleaning, analysis, and visualization.

¢ recall the commonly used tools, technologies, and programming languages
in Data Science (e.g., Python, R, SQL).

¢ summarize how data science is applied across various industries such as
healthcare, finance, marketing, and government.

¢ recognize the benefits and limitations of using data-driven approaches for
decision-making.

Prerequisites

To embark on an Introduction to Data Science and its Applications, students should
possess a foundational understanding of basic statistics and mathematics. Knowledge
of descriptive statistics, probability, and fundamental algebra is essential for grasping
data analysis concepts. Familiarity with computer programming, particularly in
languages such as Python or R, is beneficial, as data science often involves coding
for data manipulation and analysis. Basic knowledge of databases and SQL is useful
for data retrieval and management. Additionally, students should be comfortable
with using spreadsheet software, such as Excel, for data handling and visualization.
A critical thinking mindset and problem-solving skills are crucial for applying data
science techniques effectively. Familiarity with concepts of data privacy and ethics will
also enhance the understanding of responsible data practices.

Data Science plays a crucial role in transforming raw data into meaningful insights that
drive decision-making across various industries. In healthcare, it aids in disease predic-
tion, personalized treatments, and pandemic forecasting. Businesses and e-commerce
platforms use data science for recommendation systems, fraud detection, and customer
sentiment analysis, while the finance sector leverages it for stock market predictions,
credit scoring, and risk management. Transportation benefits from navigation optimiza-
-
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tion, self-driving cars, and traffic management, whereas entertainment and social media
platforms enhance user engagement through targeted advertising and content personal-
ization. In education, data science enables adaptive learning and plagiarism detection,
while in agriculture, it supports precision farming and pest prediction. Ultimately, data
science is revolutionizing industries, improving efficiency, reducing costs, and making
processes smarter, thereby shaping the future of our world.

Key words

DIKW pyramid, Python, R, SQL, Jupyter Notebook, PyCharm, RStudio, Tableau

Discussion
1.1.1 Introduction to Data

Science

Let us start with answering the question:
What is Data Science? The concept of
data refers to raw information, facts, and
figures that can be processed to generate
meaningful insights. Data can exist in var-
ious forms, such as text, numbers, images,
audio, and video. Structured data consists
of organized datasets, files, and informa-
tion stored in databases or similar formats.
In contrast, unstructured data lacks a pre-
defined structure and includes sources like
social media posts. Data is valuable when
it can be processed and analyzed to extract
insights, make informed decisions, or take
specific actions.

The Data Pyramid, known as the DIKW
(Data-Information-Knowledge-Wisdom
Pyramid) Principles as shown in figure
1.1.1, is a visual representation of a trans-
formation procedure. At the bottom of the
pyramid, there is a collection of raw facts
and figures referred to as data. Informa-
tion is processed, organized, or structured
data that conveys meaning. The context
and data analysis lead to the creation of
knowledge. Knowledge refers to the accu-
mulation of facts, information, and skills
through experience or education. Wisdom
is the ability to use knowledge effective-
ly, making sound judgments and decisions
based on context and experience.

The figure 1.1.1 helps to understand that
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there is no data that can be counted as val-

ueless.

INFORME

Figure 1.1.1 DIKW Pyramid

When analyzed and processed, data can be
useful and provide plenty of information
on the topic. Before the data passes all the
stages and becomes wisdom, it does not
lose its meaning, importance, and value.
The questions to be answereds from data
had a context and needed proper answers.

to be data-driven. The modern methodol-
ogies came to divide feature selection and
learning in machine learning, whereas in
the sense the inputs in feature selection
will decide the outputs.

In Data Science, a priority is to understand
relationships among different variables in
a dataset. The relationships help to explain
and predict the characteristics of similar
events. The variable we aim to predict
is called the target variable. This is also
known as the response or dependent vari-
able. The variables we use to make pre-
dictions are called predictors. Since data
science is used in diverse fields, predictors
can also be called explanatory variables,
independent variables, factors, or simply
inputs. Data Science and Machine Learn-
ing methods are predominantly based on
statistics. This means that an intrinsic un-
certainty always exists in the results of
these methods. Further, the inputs them-
selves could have some level of uncertain-
ty in measurement and sampling error.

“If you torture the data long enough, it will confess.” — Ronald Coase

But it is impossible to talk about any suc-
cessful project or the development of a
company if only data is offered.

Data Science in general can be considered
as a multidisciplinary field, which helps us
to understand the trends and relationships
in the given data, which will help the or-
ganizations in making some informed de-
cisions to solve complex problems. The
field largely depends on the field of statis-
tics, mathematics, and computer science.
When it comes to computer science, it not
only helps in computation but for storing
data in proper databases and using the best
algorithms to automate the tasks. A very
vital objective in data science is that it has
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1.1.2 Evolution of Data Science

Data science made huge gains over the
past ten years. Data analytics has been
around since ancient times when the laws
of statistics and maths were proposed by
mathematicians. However, with the intro-
duction of the digital age (Fig: 1.1.2), the
volume of data available for analysis in
computers has increased. Therefore, more
refined tools and techniques were realized
and developed for data processing.

In the 1990s, data science was still in its
formative stage, largely dominated by sta-
tistics, database management, and early
data mining techniques. The term ‘“data

@
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Fig 1.1.2 Developments in Data Analytics

science” existed but was not widely ad-
opted. Analysts primarily used structured
data stored in relational databases and
data warehouses, relying on tools like
SQL, SAS, and SPSS. Organizations in fi-
nance, retail, and marketing began explor-
ing data for decision-making, but the scale
and speed of data processing were limited
by the technology of the time.

The 2000s marked the emergence of data
science as a recognized field, fueled by the
rise of the internet and a sharp increase
in data generation. The development of
Hadoop and other distributed computing
tools allowed organizations to store and
process vast amounts of unstructured data.
Companies like Amazon and Google be-
gan using user data for recommendation
engines and targeted advertising. During
this period, programming languages like
R and Python grew in popularity, setting
the foundation for modern data analysis.

In the 2010s, data science became main-
stream across many industries, driven
by advancements in machine learning,
cloud computing, and data availability
from social media, mobile apps, and IoT
devices. Python, with libraries like pan-
das, scikit-learn, and TensorFlow, became
the dominant language for data science.
Cloud platforms such as AWS and Goo-
gle Cloud enabled scalable data storage
and computation. As a result, the demand
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for data scientists surged, and academic
institutions began offering specialized de-
gree programs to meet workforce needs.
From 2020 onward, data science has con-
tinued to evolve with the integration of
artificial intelligence, automation, and re-
al-time analytics. Tools for AutoML and
MLOps have simplified model develop-
ment and deployment, while concerns
around data ethics, privacy, and bias have
become more prominent. The field has
also become more accessible through no-
code and low-code platforms, expanding
participation beyond traditional technical
roles. Today, data science is a mature, in-
terdisciplinary domain driving innovation
in areas like healthcare, climate research,
finance, and beyond.

1.1.3 Key Components of Data
Science

Data science is a multidisciplinary field
that combines techniques from statistics,
computer science, and domain knowledge
to extract meaningful insights from data.
As organizations increasingly rely on data
to drive decision-making, understanding
the core components of data science has
become essential. These components (Fig:
1.1.3) form the foundation of the data sci-
ence process and ensure that data-driv-
en solutions are accurate, scalable, and
valuable. From data collection and engi-
neering to machine learning and big data



technologies, each element plays a vital
role in transforming raw data into action-
able knowledge. In this topic, we explore
the key components of data science (Ta-
ble:1.1.1) and how they work together to
solve real-world problems.

1. Data and Data Collection:
Data is the foundation of
data science. This component
involves gathering raw data
from multiple sources such as
databases, APIs, web scraping,
surveys, [oT sensors, or tran-
saction logs. The goal is to
obtain relevant and high-qua-
lity data that will be used in
analysis. Without good data,
no data science process can be
successful.

2. Data Engineering: Data engi-
neering focuses on designing,
building, and maintaining the
systems that allow data to be
collected, stored, and accessed
efficiently. It includes creating
data pipelines, cleaning data,
transforming  formats, and
integrating data from different
sources. This ensures that the
data is reliable, well-structured,
and ready for analysis or mode-

ling.

Statistics: Statistics provides
the theoretical backbone for
data science. It helps in an-
alyzing patterns, testing hy-
potheses, making predic-tions,
and drawing conclusions. Tec-
hniques such as regression,
probability distributions, hypo-
thesis testing, and statistical
inference are crucial for under-
standing and interpreting data
scientifically.

. Machine Learning: Machine

learning is a subset of artificial
intelligence thatuses algorithms
to learn patterns from data and
make predictions or decisions.
It includes supervised lear-
ning (e.g., classification, regre-
ssion), unsupervised learning
(e.g., clustering), and deep
learning. It enables automation
and intelligent systems that
improve over time with more
data.

. Programming Language

Programming is essential for
implementing data science wo-
rkflows.Languages like Py-
thon and R are widely used for

Components of Data Science

- Data B ‘Machine =
ata Collections Learning ey

] .

Fig: 1.1.3 Components of Data Science
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Table 1.1.1 Component, Purpose and Technologies of Data Science

Component

Purpose

Key Tools/Technologies

Data and Data Colle-
ction

Gather raw, relevant data from diver-
se sources

APIs, SQL, Web Scraping,
Sensors, CSV, Excel

Data Engineering

Build pipelines and infrastructure to
clean, store, and manage data

Python (pandas, PySpark),
ETL tools, Airflow

Statistics

Analyze data, infer patterns, and
validate assumptions

R, Python (SciPy, statsmo-
dels), Excel

Machine Learning

Create models that learn from data to
predict or classify outcomes

Scikit-learn, TensorFlow,
PyTorch, XGBoost

Programming Implement algorithms, automate tas- | Python, R, SQL
Language ks, and manipulate data
Big Data Process and analyze large-scale or [ Hadoop, Spark, Kafka,

real-time data efficiently

Hive

“Having all the information in the world at our fingertips doesn’t make it

easier to communicate, it makes it harder.”

- Cole Nussbaumer Knaflic, Storytelling with Data: A Data Visualization

Guide for Business Professionals

data manipulation, statistical
analysis, machine learning,
and visualization. A strong
programming foundation allo-
ws data scientists to auto-
mate tasks, write models, and
manipulate data efficiently.

6. Big Data: Big data refers to
extremely large and complex
datasets that traditional tools
cannot handle effectively.
Technologies like Hadoop,
Spark, and distributed com-
puting frameworks are used to
store, process, and analyze big
data. This component is crucial
when dealing with real-time
data streams, massive logs, or
large-scale applications like
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social media and e-commerce
analytics.

1.1.4 Tools and Technologies in
Data Science

Several tools and techniques are associ-
ated with data science. Data science em-
ploys many programming languages and
integrated development environments that
have been singled out because they allow
people to write and execute code and have
the libraries and functions to manage and
analyze big data. Data visualisation tools
allow people to create graphs and interac-
tive plots. Support Vector Machines, Deci-
sion Trees, and Naive Bayes are some al-
gorithms used to create predictive models.
Making a decision using a tree model is



easy and straightforward; single trees are
often complicated to read, however, which
is a problem. These tools and techniques
help data scientists carry out their tasks.

1.1.4.1 Programming Languages

a) Python

Python is one of the most popular and pre-
ferred programming languages among the
data science and machine learning com-
munity due to its wide range of libraries.
Some of the major libraries associated
with python are numpy, pandas and SciPy
which are used for data manipulation,
analysis and machine learning. Matplotlib
and Seaborn etc. are used for visualiza-
tion. Python has a library named “Scikit-
learn” that is specifically designed to
solve machine learning and data analysis
problems. It consists of all possible tools
that are used in machine learning and has
the solution for classification, regression,
clustering, model evaluation and other
types of data analysis problems.

b) R

It is another powerful programming lan-
guage developed specifically for statisti-
cal analysis and data visualization. It has a
good set of packages such as ggplot2 visu-
alization, dplyr for data manipulation and
caret for learning algorithm modeling. R
is mostly a preferred option as a powerful
language by resource for statisticians and
researchers who work with strong statisti-
cal background or knowledge. It focuses
mainly on building interactive models and
visualizations.

¢) SQL

The third tool is ‘SQL’ and it plays a crit-
ical role in data science or being a data
scientist. SQL is essential for querying or
managing the database. It is optimized to
perform only a few operations and pro-
vides you the vital function of extracting

and manipulating data present from the
stored database. Thus SQL proficiency is
a must required if someone wants to ag-
gregate data or join more than two tables
or for just retrieving data.

1.1.4.2 Integrated Development
Environments (IDEs)

Integrated Development Environments
(IDEs) for data science provide a compre-
hensive workspace that combines coding,
debugging, visualization, and data anal-
ysis tools in a single platform. Popular
IDEs like Jupyter Notebook, PyCharm,
Spyder, and RStudio offer features such
as code auto-completion, interactive exe-
cution, and built-in libraries for data ma-
nipulation and machine learning. These
environments enhance productivity by
integrating version control, package man-
agement, and visualization tools, making
it easier for data scientists to write, test,
and optimize their code efficiently. Differ-
ent IDE’s commonly used are:

a) Jupyter Notebook

Jupyter Notebook is an open-source web
application(IDE) that allows data scien-
tists to work with programming python
codes and share between team members to
solve data analytics problems containing
live code, equations, visualizations, and
narrative text. It supports many program-
ming languages but is most commonly
used with Python. Its interactive nature
makes it ideal for exploratory data analy-
sis (EDA) and reporting.

b) RStudio

RStudio is an IDE specifically designed
for R. It provides a user-friendly interface
for coding in R, debugging, and visual-
izing data. RStudio supports various fea-
tures like integrated plotting, workspace
management, and package development
tools.

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics



¢) PyCharm: PyCharm is a popular IDE
for Python development, including data
science projects. It offers advanced code
editing, debugging, and testing tools. Py-
Charm’s support for various Python li-
braries and frameworks makes it a power-
ful tool for data scientists.

1.1.4.3 Data Visualization Tools

Data visualization tools in data science
help transform complex datasets into
meaningful visual representations, making
it easier to identify patterns, trends, and in-
sights. Popular tools like Matplotlib, Sea-
born, Plotly, and Tableau provide a wide
range of visualization techniques, includ-
ing bar charts, scatter plots, heatmaps, and
interactive dashboards. These tools enable
data scientists to communicate findings
effectively, enhance decision-making, and
present data in a visually appealing man-
ner, improving the overall understanding
of data-driven insights. Some examples
are:

a) Tableau: Tableau is a leading data visu-
alization tool that enables users to create
interactive and shareable dashboards. It
supports a wide range of data sources and
provides robust features for data explora-
tion and presentation. Tableau’s drag-and-
drop interface makes it accessible to users
with varying levels of technical expertise.

b) Power BI: Power BI is a business an-
alytics service by Microsoft that provides
interactive visualizations and business in-
telligence capabilities. It integrates with
various data sources, allowing users to
create comprehensive reports and dash-
boards. Power BI is known for its ease of
use and strong integration with other Mic-
rosoft products.

¢) D3.js: D3.js is a JavaScript library for
producing dynamic, interactive data visu-
alizations in web browsers. It leverages
web standards like SVG, HTMLS, and

CSS, giving developers full control over
the final visual representation. D3.js is
highly customizable, making it a favorite
among developers for creating bespoke
visualizations.

1.1.4.4 Machine Learning
Frameworks

Machine learning frameworks in data sci-
ence provide a structured environment
for developing, training, and deploy-
ing machine learning models efficiently.
Frameworks like TensorFlow, PyTorch,
Scikit-learn, and Keras offer pre-built al-
gorithms, automated workflows, and GPU
acceleration for handling large datasets
and complex computations. These frame-
works support a wide range of machine
learning techniques, including supervised,
unsupervised, and deep learning, making
them essential for tasks like image rec-
ognition, natural language processing,
and predictive analytics. By simplifying
model implementation and optimization,
machine learning frameworks enhance
productivity and innovation in Al-driven
applications. Popular Machine Learning
frameworks are:

a) TensorFlow: Developed by Google,
TensorFlow is an open-source machine
learning framework widely used for deep
learning applications. It provides compre-
hensive tools and libraries for building
and deploying machine learning models.
TensorFlow supports various platforms,
including CPUs, GPUs, and TPUs, mak-
ing it suitable for large-scale machine
learning tasks.

b) PyTorch: PyTorch, developed by Face-
book’s Al Research lab, is another popu-
lar deep learning framework. Known for
its flexibility and dynamic computation
graph, PyTorch is favored by researchers
and practitioners for prototyping and ex-
perimentation. It provides a wide range
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of tools for building neural networks and
performing automatic differentiation.

¢) Scikit-learn: Scikit-learn is a Python
library that provides simple and efficient
tools for data mining and data analysis.
It supports various machine learning al-
gorithms, including classification, re-
gression, clustering, and dimensionality
reduction. scikit-learn is built on NumPy,
SciPy, and Matplotlib, making it a versa-
tile and integral part of the Python data
science stack.

1.1.4.5 Big Data Technologies

Big data technologies in data science en-
able the storage, processing, and analysis
of massive datasets that traditional sys-
tems cannot handle efficiently. Tools like
Hadoop, Apache Spark, and Apache Flink
provide distributed computing capabil-
ities, allowing data scientists to process
large-scale data in parallel. Technologies
such as NoSQL databases (e.g., Mon-
goDB, Cassandra) and cloud-based plat-
forms (e.g., Google BigQuery, Amazon
Redshift) facilitate efficient data storage
and retrieval. These technologies play a
crucial role in real-time analytics, predic-
tive modeling, and decision-making, mak-
ing big data an integral part of modern
data science applications.

Apache Hadoop is an open-source frame-
work for distributed storage and process-
ing of large datasets. It consists of the Ha-
doop Distributed File System (HDFS) for
data storage and MapReduce for process-
ing. Hadoop’s ability to scale out across
many machines makes it suitable for han-
dling vast amounts of data.

Apache Spark is an open-source distrib-
uted computing system known for its
speed and ease of use. It provides APIs for
Java, Scala, Python, and R, and supports
high-level tools like Spark SQL for SQL
and structured data processing, MLIib for

machine learning.

1.1.4.6 Data Storage Solutions

Data storage solutions in data science are
essential for managing and organizing vast
amounts of structured and unstructured
data efficiently. Technologies like rela-
tional databases (MySQL, PostgreSQL),
NoSQL databases (MongoDB, Cassan-
dra), and cloud-based storage platforms
(Amazon S3, Google Cloud Storage) pro-
vide scalable and secure storage options.
Distributed file systems like Hadoop
Distributed File System (HDFS) enable
parallel data processing for big data ap-
plications. These storage solutions ensure
quick data retrieval, seamless integration
with analytical tools, and robust security,
making them vital for effective data-driv-
en decision-making. Some of them are:

a) SQL Databases: Relational databases
like MySQL, PostgreSQL and Oracle are
widely used for storing structured data.
They support SQL for querying and pro-
vide robust transaction management and
data integrity features.

b) NoSQL Databases: NoSQL databases
like MongoDB, Cassandra and Couch-
base are designed for unstructured or
semi-structured data. They offer flexibility
in data modeling and can handle large vol-
umes of data with high throughput.

¢) Data Lakes: Data lakes, such as those
built on Amazon S3 or Azure Data Lake,
allow organizations to store raw data in its
native format. This data can then be pro-
cessed and analyzed as needed, providing
a scalable solution for managing big data.

1.1.5 Benefits of Data Science

Data science offers numerous benefits
across industries by turning raw data into
valuable insights that drive smarter deci-
sions and innovation. One of the primary
advantages is informed decision-mak-
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ing. Organizations use data science to an-
alyze trends, forecast outcomes, and make
data-backed strategic choices that improve
efficiency and reduce risks.

Another key benefit is process automa-
tion. Data science enables the develop-
ment of intelligent systems, such as chat-
bots, recommendation engines, and fraud
detection tools, which automate repetitive
tasks and improve speed and accuracy.
This not only saves time but also enhances
productivity. Data science also allows for
personalization in services and market-
ing. By analyzing customer behavior and
preferences, businesses can tailor their of-
ferings to meet individual needs, leading
to better user experiences and higher cus-
tomer satisfaction.

In addition, data science helps in prob-
lem-solving and innovation. It uncovers
hidden patterns and insights that might
be missed through traditional analysis,
enabling new product development, im-
proved services, and competitive advan-
tages. Overall, data science empowers
organizations to become more data-driv-
en, efficient, and responsive in a rapidly
evolving digital world.

1.1.6 Challenges in Data
Science

While data science offers many benefits,
it also comes with several challenges that
can impact the success of projects. One
major challenge is data quality and avail-
ability. Data is often incomplete, incon-
sistent, or noisy, which makes it difficult
to analyze effectively. Finding relevant
and clean data can be time-consuming
and may require significant preprocessing
efforts. Another challenge is data priva-
cy and security. With the increasing use
of personal and sensitive data, ensuring
that data is collected, stored, and used re-
sponsibly is critical. Organizations must
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comply with regulations such as GDPR or
HIPAA, and failure to do so can result in
legal and ethical issues.

Interpreting and communicating re-
sults is also a common obstacle. Data
science models can be complex and diffi-
cult for non-technical stakeholders to un-
derstand. Data scientists must be able to
translate their findings into clear, action-
able insights that support decision-mak-
ing. In addition, there is a shortage of
skilled professionals. Data science re-
quires a combination of skills in statistics,
programming, machine learning, and do-
main knowledge. Finding individuals with
expertise in all these areas is challenging
for many organizations.

Lastly, model reliability and mainte-
nance can be problematic. Models can
degrade over time as new data becomes
available or real-world conditions change.
Ongoing monitoring, updating, and vali-
dation are necessary to ensure continued
accuracy and relevance. Overcoming
these challenges requires not only tech-
nical expertise but also good communica-
tion, ethical practices, and collaboration
across disciplines.

1.1.7 Applications of Data
Science

Data science has intruded in many fields
and revolutionized the way in which or-
ganizations operate and make decisions.
Its applications are vast and varied, span-
ning across industries from healthcare to
finance, marketing and beyond. Here, we
discuss some of the prominent applica-
tions of data science, illustrating how it
drives innovation and efficiency.

1.1.7.1 Healthcare

Data science is transforming healthcare
by enabling more precise diagnostics, per-
sonalized treatments, and efficient opera-



tions. Some important areas are:

a. Predictive Analytics: One of the

fields where data science has made
great improvements is predictive
analytics. Predictive models help
predict disease outbreaks, patient
admissions, and other health
hazards, allowing for preparation
in advance and taking certain
measures. For example, such
analytics help find people at high
risk for diabetes or heart issues
before they even come down with
a nasty condition. Such people
may not even know about their
risk, but data analytics becomes
useful for timely prevention.

. Medical Imaging: Another impo-

rtant area of data use in medicine is
medical imaging. X-ray, MRI, and
CT images are interpreted using a
special algorithm created by data
scientists. Data science fused with
machine learning with a drop of
deep learning and says that the
algorithm diagnoses illnesses with
more accuracy than an average
healthcare professional. In fact,
data scientists can teach the
algorithm to see things not visible
to a human eye and provide more
precise diagnostics.

Personalized Medicine: Perso-
nalized medicine has also
become possible with the help
of data science. Using genetic
information, lifestyle data, and
data about treatment outcomes,
professionals create a specific plan
for the treatment of each concrete
patient, taking into account simi-
larities and peculiarities of their
organism. Being able to anticipate
the organism’s response to a given
treatment, healthcare professionals
are able to avoid adverse effects.

1.1.7.2 Finance

The finance sector leverages the power of
data science to improve decision-making,
risk management, and customer service.
Some important areas are:

a. Fraud Detection: There are
machine learning algorithms that
analyze the pattern of transactions
of the user in the system and
using the database of a bank,
detects possible frauds. These
algorithms can determine unusual
behavior and recognize whether
the transaction can be a sham. This
approach is beneficial for both
financial institutions and users.

b. Risk Management: Based on
the received information, the
risk management department can
evaluate the crediting risk and
other risks using data science
models that analyze every aspect
of the factors that can lead to the
potential loss such as credit history,
market trends, and economic
algorithms.

¢. Algorithmic Trading: There is
a method of trading that allows
using special algorithms that
analyze market data and predict
the movement of the stock to do
trades at high speed and volume.

1.1.7.3 Marketing and Sales

In marketing and sales, data science en-
ables targeted campaigns, customer in-
sights, and sales optimization. Some im-
portant areas are:

a. Customer Segmentation:

Data science techniques cluster
customers based on purchasing
behavior, demographics, and pre-
ferences. This segmentation is
helpful for developing persona-
lized marketing strategies.
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b. Sentiment Analysis: By analyzing
social media posts, reviews, and
feedback, data science can predict
the public sentiment towards
brands and products. This insight is
useful for companies to understand
their market position and modify
their strategies accordingly.

c. Sales Forecasting: Predictive
analytics models are useful in
developing future sales based on
historical data, market conditions,
and other relevant factors. Accu-
rate sales forecasts aid in inventory
management, budgeting, and
strategic planning.

1.1.7.4 Retail

The retail industry uses data science to op-
timize inventory, enhance customer expe-
riences, and improve operational efficien-
cy. Some important areas are:

a. Demand Forecasting: Predictive
models help shopkeepers anticipate
product demand, this will ensure
that inventory levels meet business
needs without overstocking. This
minimizes costs and improves
customer satisfaction.

b. Recommendation Systems: Data
science drives recommendation
engines that suggest products
to customers based on their
purchase history. Personalized
recommendations increase sales
and enhance the shopping exper-
ience.

c. Customer Analytics: By analyz-
ing customer data, retailers can
identify buying patterns and pre-
ferences, allowing for targeted
marketing and promotions that
increase customer loyalty and
spending.
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1.1.7.5 Transportation and
Logistics

Data science optimizes routes, improves
safety, and enhances operational efficien-
cy in transportation and logistics. Some
important areas are:

a. Route Optimization: Algorithms
analyze traffic patterns, weather
conditions, and delivery schedules
to determine the most efficient
routes for transportation. This
reduces fuel consumption, costs,
and delivery times.

b. Predictive Maintenance: Tailor
made Data science models are
capable of predicting when vehi-
cles or equipment are likely to fail,
allowing timely maintenance. This
approach will reduce the down-
time. This proactive approach
improves safety and operational
efficiency.

¢. Supply Chain Management: Data
science enhances supply chain
efficiency visibility by analyzing
data from various sources, such as
suppliers, warehouses, and reta-
ilers. This leads to better demand
planning, inventory mana-gement,
and cost reduction.

1.1.7.6 Energy Sector

The energy sector uses data science to op-
timize production, improve sustainability,
and manage resources. There is related
work in the area of this subject that per-
forms:

a. Energy Consumption Forecas-
ting: Predictive models can
forecast the energy demand in
advance, locating the admin-
istrative bodies in the right position
to balance the demand and supply
effectively. Indeed, by making
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accurate forecasts, it is possible to
prevent blackouts and reduce the
waste of energy.

b. Smart Grid Management:The
management of smart grids that
use sensors and analytics in
order to monitor and control the
flow of electricity may be made
possible, thanks to data science.
Moreover, the smart grid may
today reach reliability and may
be able to incorporate the energy
coming from renewable sources
effectively.

c¢. Renewable energy optimization:
The optimal management of rene-
wable energy source, being an
example of which may be a wind
turbine, solar panel or cellulose-
based diesel plant is among many
others provided wusing proper
models made by applying data
science. The consumption of feed-
stock 1s analyzed ensuring the
proper ratio of farmers are swit-
ching the corn planter to bean being
processed against the one that is
being processed to ethanol and
biomass. Another factor used as
input data is the weather forecast.
It ensures efficient management
of the output produced and the
reduction of costs.

1.1.7.7 Entertainment and Media

Data science transforms content delivery,
audience engagement, and production
in the entertainment and media industry.
Some important areas are:

a. Content recommendation: Str-
eaming services suggest new
content to their users based on the
history of searching and viewing
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the movies and TV-shows. These
recommendations are based on the
data science instruments, which
process and transform the patterns
and connections in the shows and
movies that the viewer does or
does not like. It helps to engage the
audience by offering relevant and
suitable content to the consumers.

b. Audience analytics: Companies
analyze the data according to
the age, social status, job title
and biography, gender, and other
demographics, and personal infor-
mation to extract table content for
the audience.

c. Box office predictions: This con-
siders several factors, such as
the timing of the release, genre,
cast, and traditional criteria of
each movie to predict the box
office performance. It is usually
developed based on historical
data, especially the box office data
of the previous movies, and aims
to be a guiding star on where to
put the money in the marketing,
production, and other investments
for the movie.

Data Science is a highly evolving, highly
dynamic, and potentially highly reward-
ing career option at present and likely
the future. Due to the constant growth in
data and the continuous boom the techno-
logical world is witnessing, data science
is one such technique that can effective-
ly find solutions to complex problems
through data analysis. Organisations and
businesses, too, are focusing on using data
at their disposal to derive insights useful
in decision making. Hence, Data Science
is important to study and practice at pres-
ent.
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Recap

Introduction to Data Science: Data Science is an interdisciplinary field that uses
scientific methods, algorithms, and systems to extract insights from structured and
unstructured data.

Key Components of Data Science:

¢ Data and Data Collection: Data comprises raw facts and figures gathered
through methods such as surveys, sensors, and logs to provide the foundational
inputs for analysis.

¢ Data Engineering: Data engineering involves designing, building, and
maintaining the infrastructure and pipelines that collect, store, and process
data at scale.

¢ Statistics: Statistics is the discipline of using mathematical theories and
methods to collect, analyze, interpret, and present data insights reliably.

¢ Machine Learning: Machine learning leverages algorithms and statistical
models to enable computers to learn patterns and make predictions or
decisions without explicit programming.

¢ Programming Languages: Programming languages like Python and R
serve as tools for writing scripts and applications that manipulate data,
implement algorithms, and automate workflows.

¢ Big Data: Big Data refers to extremely large and complex datasets that
require specialized techniques and technologies for storage, processing, and
analysis beyond traditional database systems.

Tools and Technologies in Data Science: A number of tools and techniques are
associated with data science.

¢ Integrated Development Environments (IDEs) are:

¢ Jupyter Notebook: Jupyter Notebook is an open-source web application(IDE)
that allows data scientists to work with programming python codes and share
between team members to solve data analytics problems containing live
code, equations, visualizations, and narrative text.

¢ RStudio: RStudio is an IDE specifically designed for R. It provides a user-
friendly interface for coding in R, debugging, and visualizing data.

¢ PyCharm: PyCharm is a popular IDE for Python development, including
data science projects. It offers advanced code editing, debugging, and testing
tools.

Data Visualization Tools are :

¢ Tableau: Tableau is a leading data visualization tool that enables users to
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create interactive and shareable dashboards.

¢ Power BI: Power Bl is a business analytics service by Microsoft that provides
interactive visualizations and business intelligence capabilities.

¢ D3.js: D3 js is a JavaScript library for producing dynamic, interactive data
visualizations in web browsers.

Machine Learning Frameworks are:

¢ TensorFlow: Developed by Google, TensorFlow is an open-source machine
learning framework widely used for deep learning applications.

¢ PyTorch: PyTorch, developed by Facebook’s Al Research lab, is another
popular deep learning framework. Known for its flexibility and dynamic
computation graph, PyTorch is favored by researchers and practitioners for
prototyping and experimentation.

¢ Scikit-learn: Scikit-learn is a Python library that provides simple and
efficient tools for data mining and data analysis.

Big Data Technologies are:

¢ Hadoop: Apache Hadoop is an open-source framework for distributed
storage and processing of large datasets.

¢ Spark: Apache Spark is an open-source distributed computing system known
for its speed and ease of use.

Data Storage Solutions are:

¢ SQL Databases: Relational databases like MySQL, PostgreSQL, and Oracle
are widely used for storing structured data.

¢ NoSQL Databases: NoSQL databases like MongoDB, Cassandra, and
Couchbase are designed for unstructured or semi-structured data.

¢ Data Lakes: Data lakes, such as those built on Amazon S3 or Azure Data
Lake, allow organizations to store raw data in its native format.

Applications of Data Science

¢ Healthcare : Data science is transforming healthcare by enabling more
precise diagnostics, personalized treatments, and efficient operations.

¢ Predictive Analytics
¢ Medical Imaging
¢ Personalized Medicine

¢ Finance : The finance sector leverages the power of data science to improve
decision-making, risk management, and customer service.
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¢ Fraud detection
¢ Risk Management
¢ Algorithmic trading

¢ Marketing and Sales : In marketing and sales, data science enables targeted
campaigns, customer insights, and sales optimization.

¢ Customer Segmentation
¢ Sentiment Analysis
¢ Sales Forecasting

¢ Retail : The retail industry uses data science to optimize inventory, enhance
customer experiences, and improve operational efficiency.

¢ Demand Forecasting
¢ Customer Analytics

¢  Transportation and Logistics: Data science optimizes routes, improves
safety, and enhances operational efficiency in transportation and logistics.

¢ Route Optimization:
¢ Predictive Maintenance:
¢ Supply Chain Management:

¢ Energy Sector: The energy sector uses data science to optimize production,
improve sustainability, and manage resources.

¢ Energy Consumption Forecasting.
¢ Smart Grid Management.

¢ Renewable energy optimization.
¢ Entertainment and Media

¢ Content recommendation

¢ Audience analytics

Objective Type Questions

1. What is Data Science primarily concerned with?

2. Which programming language is most commonly used in Data Science?
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What is the first step in a Data Science project?

Which field provides the mathematical foundation for data analysis?
What does machine learning enable computers to do?

Big data is characterized by...............

Which of the following is a data visualization tool?

Which industry uses data science for fraud detection and risk analysis?

OB IO - =

What is used to store and manage large volumes of data?

10. What industry uses data science for disease prediction?

Answers to Objective Type Questions

Extracting knowledge and insights from data
Python

Data Collection

Statistics

Make decisions based on data

High volume, variety, and velocity
Matplotlib

Finance

N R U SR S

. Hadoop
10. Healthcare

Assignments

1. Define Data Science. Explain the main components of the Data Science
process.

2. List and describe commonly used tools and technologies in Data Science.

3. Discuss the key advantages and drawbacks of using Data Science in modern
industries.

4. Write a brief account about the various application areas of Data Science.
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Unit 2

Data Science Project Cycle

Learning Qutcomes

After completing this unit, the learner will able to:

¢ define the Data Science Project Cycle.
¢ list the major phases of a Data Science Project Cycle.

¢ identify common tools and technologies used in each phase of the project
cycle.

¢ summarize the significance of model evaluation in the Data Science Project
Cycle.

Prerequisites

A small online store had trouble understanding why some products sold well while
others did not. They had a lot of customer data but didn’t know how to use it properly.
To find a solution, they followed the Data Science Project Lifecycle. First, they iden-
tified the problem, looking at what might be affecting sales. Then, they collected data
from sales records, website visits, and customer reviews. After that, they cleaned the
data by fixing errors, filling in missing details, and organizing it properly. Next, they
analyzed the data to find patterns, like which products were more popular in different
seasons. Using these insights, they created a machine learning model to predict future
sales and tested if it was accurate. Once they were happy with the results, they put the
model to use, helping them make better decisions about stock and marketing. Over
time, they kept checking and improving the model to keep it useful. This step-by-step
process helped the company make smart choices based on data, manage their products
better, and increase sales, showing why the Data Science Project Lifecycle is important
for solving real-world problems.




Key words

Problem Definition, Data Collection, Data Cleaning, Feature Engineering, Model

Selection, Model Deployment

Discussion

1.2.1 Overview

In today’s data-driven world, businesses
and organizations rely on data science to
make informed decisions, predict trends,
and improve efficiency. However, han-
dling data and building effective models
require a structured approach to ensure
accuracy and reliability. This is where the
Data Science Project Life Cycle comes
into play.

The Data Science Project Life Cycle is a
step-by-step process that guides data sci-
entists in solving problems using data.
It includes key phases such as problem
definition, data collection, cleaning, anal-
ysis, model building, evaluation, deploy-
ment, and monitoring. By following this
systematic approach, organizations can
transform raw data into meaningful in-
sights, enabling better decision-making
and business growth. Understanding this
lifecycle is essential for anyone working
with data, as it ensures that projects are
handled efficiently, errors are minimized,
and results are reliable. Let’s explore each
phase in detail to understand how data sci-
ence projects are successfully executed.

1.2.2 Data Science Project Life
Cycle

A data science project life cycle is a pro-
cess that helps set clear objectives and
scope in a data science project. It is a set
of steps to be completed before deliver-
ing the product or service to the client.
Following a standard life cycle makes
sure that every person who is part of the

project has an understanding of what has
to be done and does not lead to expecta-
tions that are not aligned. Depending on
the goal there may be small differences in
different projects but it is not as different
as not to follow. Once we define business
objectives of a data science project we
have to ensure whether data is available
with proper format and descriptors from
reliable sources. Once we have data there
might be some different questions we may
have regarding data format, quality, use-
fulness of the data, availability of the re-
quired data sources.

In a professional way, this can be ad-
dressed as everything with a Data Science
Project Life Cycle. Once we gather data,
the first set of steps are to ensure the data
quality and feature selection. This phase
involves data cleaning, EDA to find out
the value of the data, preparing the data
by various means by engineering, involv-
ing engineers to get the relevant data in-
stead of more data. In the next phase a
model has to be computed using proper
algorithms and implementation for proper
evaluation. This entire lifecycle requires
different job roles, which may be Business
Analyst (BA), Data Analyst, Data Scien-
tists, Data Engineer, Machine Learning
Engineer.

In a data science project, a business an-
alyst plays a critical role that bridges the
gap between technology and business ob-
jectives. They link the technology experts
with stakeholders and domain expertise
and rephrase the technological goals from
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the business objectives by converting the
data insights into actionable recommenda-
tions. As part of the job, BA identifies op-
portunities for process improvement. In a
nutshell, the business analyst acts as a key
facilitator, interpreter, and domain expert
of the data science project, to ensure the
technical work gets converted into a tan-
gible business value. A business analyst
requires strong analytical, communica-
tion, and interpersonal skills, along with a
proper understanding of business process-
es and basic knowledge in data analysis.

Data Analyst extracts useful insights from
data to facilitate decision-making from
the data and communicates through prop-
er visual representations and preparing re-
ports in the micro-level. A Data Scientist
approaches the problem in a macro view
using advanced analytical and machine
learning techniques to solve complex
problems. The role of a data engineer is
to maintain the infrastructure for data gen-
eration, storage, and processing. Their

work also includes creating data pipelines,
maintaining data warehouses, designing
ETL (Extract, Transform, Load) processes
and executing, maintaining databases in
accordance with the demand of data an-
alyst/scientist. A major job of a machine
learning engineer involves developing and
optimizing machine learning models and
managing them in the production envi-
ronment collaborating with other players
in integrating models into systems. Each
of these roles is essential in the successful
deployment of data analytics projects.

1.2.3 Stages of Data Science
Project Life Cycle

The Figure 1.2.1 illustrates the Data Sci-
ence Life Cycle, which consists of ten key
stages. It begins with Problem Definition,
where the project’s objective is estab-
lished. Next, Data Acquisition involves
collecting relevant data, followed by Data
Pre-processing, which ensures data qual-
ity through cleaning and transformation.
Exploratory Data Analysis (EDA) helps

Data S¢ience Life Cycle

DATA
il SCIENCE
2y LIFE CYCILE
FAedal
Evaluation

Fig 1.2.1 Data Science Life Cycle

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics



in understanding data patterns, leading
to Feature Engineering, where important
attributes are selected or created. Mod-
eling involves building predictive mod-
els, which are then assessed in the Mod-
el Evaluation phase. After validation,
the model moves to Model Deployment,
making it operational for real-world use.
Monitoring and Maintenance ensures
model performance over time, and finally,
Communication and Reporting conveys
insights to stakeholders. This cycle is cru-
cial for structuring data science projects
efficiently.

1.2.3.1 Problem Definition

The first stage involves understanding
and defining the problem you are trying
to solve. This includes clarifying the ob-
jectives, identifying the key questions that
need to be answered, and establishing the
scope of the project. The goal is to en-
sure that the problem is well-defined and
aligned with business goals. In this stage,
stakeholders and data scientists work to-
gether to articulate the problem clearly.
They discuss the desired outcomes, con-
straints, and the impact of the problem
on the organization. For example, a retail
company might aim to predict customer
churn to improve retention strategies.

1.2.3.2 Data Collection

Data collection is the process of gather-
ing the necessary data for analysis. This
data can come from various sources such
as databases, APIs, web scraping, or di-
rect user input. It’s crucial to collect data
that is relevant, accurate, and sufficient to
address the problem defined in the first
stage. During data collection, data scien-
tists identify the sources of data, ensure
data quality, and gather all the required
datasets. For example, if the goal is to ana-
lyze customer behavior, data might be col-
lected from transaction logs, social media,
and customer feedback forms.

@,

1.2.3.3 Data Cleaning and
Preparation

Data cleaning and preparation involve
transforming raw data into a usable for-
mat. This step includes handling missing
values, correcting errors, normalizing
data, and converting data into a format
suitable for analysis. This stage is critical
as it directly affects the quality and reli-
ability of the results. This stage involves
various tasks such as removing duplicates,
imputing missing values, and ensuring
consistency in data formats. For instance,
dates might be converted into a standard
format, and text data might be tokenized
for further analysis.

1.2.3.4 Exploratory Data
Analysis (EDA)

EDA involves examining the data to un-
cover patterns, trends, and insights. This
step uses statistical methods and visu-
alization tools to summarize the main
characteristics of the data. EDA helps in
understanding the distribution of data,
identifying outliers, and forming hypoth-
eses. Data scientists use techniques like
plotting histograms, box plots, and scat-
ter plots to explore the data. For example,
EDA might reveal that certain customer
demographics are more likely to churn,
providing insights for the modeling stage.

Exploratory data analysis (EDA) helps in
understanding the underlying patterns and
characteristics of the data, guiding the se-
lection of appropriate models and meth-
ods. Model building involves selecting
and applying statistical or machine learn-
ing algorithms to the prepared data. The
model is then evaluated for its accuracy
and reliability. Once a satisfactory model
is developed, it is deployed into production
where it can be used to make predictions
or inform decisions in real-time. Monitor-
ing and maintenance are essential to en-
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sure the model continues to perform well
and remains relevant as new data becomes
available. Finally, communicating results
effectively helps stakeholders understand
the findings and their implications, facil-
itating data-driven decision-making. By
adhering to the data science life cycle,
organizations can systematically tackle
data-driven projects, ensuring that each
step is carefully considered and executed,
leading to more effective and efficient out-
comes.

1.2.3.5 Feature Engineering

Feature engineering is the process of cre-
ating new features from the existing data
that will help improve the performance
of machine learning models. This stage
involves selecting the right variables,
transforming features, and creating new
ones based on domain knowledge. During
feature engineering, data scientists might
create new features such as the average
purchase value per customer or the fre-
quency of purchases. These features can
help models better capture the underlying
patterns in the data.

1.2.3.6 Model Selection and
Training

In this stage, data scientists select appro-
priate algorithms and train machine learn-
ing models on the prepared dataset. The
goal is to find the model that best captures
the relationships in the data and performs
well on the problem at hand. Data scien-
tists experiment with different algorithms
such as linear regression, decision trees,
or neural networks. They use techniques
like cross-validation to evaluate the per-
formance of the models and select the one
that gives the best results.

1.2.3.7 Model Evaluation

Model evaluation involves assessing the
performance of the trained model using
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metrics relevant to the problem. This step
ensures that the model generalizes well to
new, unseen data and meets the project’s
objectives. Common evaluation metrics
include accuracy, precision, recall, and F1
score for classification problems, or mean
squared error for regression problems.
Data scientists use these metrics to vali-
date the model’s performance and identi-
fy any potential overfitting or underfitting
issues.

1.2.3.8 Model Deployment

Once the model is evaluated and validated,
it is deployed into a production environ-
ment where it can start making predictions
on new data. This stage involves integrat-
ing the model into existing systems and
ensuring it operates reliably and efficient-
ly. Model deployment can involve setting
up APIs, creating user interfaces, or em-
bedding the model into business applica-
tions. For example, a customer churn pre-
diction model might be deployed to alert
the sales team about high-risk customers.

1.2.3.9 Monitoring and
Maintenance

After deployment, the model needs to be
continuously monitored to ensure it per-
forms as expected over time. This stage
involves tracking the model’s perfor-
mance, detecting any drift in the data, and
making necessary updates to maintain its
accuracy. Data scientists set up monitor-
ing tools to track key performance metrics
and detect any issues. They might period-
ically retrain the model with new data to
keep it up-to-date. Regular maintenance
ensures that the model remains effective
and aligned with business needs.

1.2.3.10 Communication and
Reporting

The Communication and Reporting
stage is the final and one of the most crit-
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ical phases in the data science life cycle.
After data has been collected, cleaned,
analyzed, and modeled, the insights and
results must be clearly communicated to
stakeholders, such as business leaders,
decision-makers, or clients. This stage
involves translating complex technical
findings into meaningful, actionable con-
clusions using data visualizations, sum-
mary reports, dashboards, and presenta-
tions. Effective communication ensures
that the insights are understandable to
non-technical audiences and aligned with
business goals. It also includes discussing
limitations, assumptions, and possible im-
provements. The success of a data science
project heavily depends on how well the
results are conveyed and whether they
lead to informed decision-making.

1.2.4 Sample Scenario

A telecom company is losing customers
and they are interested in finding the rea-
son behind the customer churn. The dif-
ferent steps for customer churn prediction
are:

Step 1: Problem Definition

Objective of the project is to find out the
customer churn and its impact on the busi-
ness of the telecom company.

Step 2: Data Collection

Gather data relevant to customer churn.
There are various sources for collecting
the data. Company data containing cus-
tomers and churn data, transaction details,
types of the offers, external data such as
competitor details and their offers, call
details, customer service logs, coverage
data, etc.

Step 3: Data cleaning, Integration and
transformation

This step enables that data to be accurate
and usable. Follow standard procedures
and tools to clean the data.
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Check the

readiness of the data for further process.

Step 4: Exploratory Data Analysis
(EDA)

The integrated data is then subjected to
statistical examinations and the results
are depicted in visual representations.
This process will enable the stakeholders
to identify the trends and patterns in the
data. This will enable us to answer the
questions such as when, what and how
many etc.

Step S: Feature Engineering

From EDA we will be able to find out
which are the important features to ex-
plain the output. At this step we can do the
feature engineering, create new variables
from existing variables that can enhance
the predictive power of the model.

Step 6: Model Building and evaluation

Now our customer churn data is ready for
model building. At this stage, we have to
explore the usability of different machine
learning algorithms for creating models.
By checking the data, we can select a set
of suitable algorithms to create the mod-
el. For customer churn analysis we may
use different types of binary classification
algorithms such as vector machines or
logistic regression etc. Once models are
created, we may check the accuracy of the
models using standard techniques.

Step 7: Model Deployment

Implement the best model in the produc-
tion environment. The selection of the
model may depend on the accuracy, time
required for prediction etc.

Step 8: Monitoring and Maintenance

Once a model is implemented, we are try-
ing to predict the results of unseen data.
Therefore it is crucial to ensure the mod-
el remains effective over time. Iterative
model tuning steps should be done for
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maintaining the accuracy of models used
for prediction.

Step 9: Visualization of the Data Sci-
ence Project Life Cycle

Now we have to communicate the results
of the data analytics project to stakehold-
ers. We may use text reports or visualiza-
tions or a mixture of the two for proper
communication.

Step 10: Communication and Report-
ing

This stage is essential for turning ana-
lytical insights into actionable business
strategies. Once data scientists identify
the reasons behind churn such as billing
issues, poor network coverage, or lack of
customer engagement they must clearly
present these findings to non-technical
stakeholders through visualizations, sum-
mary reports, and dashboards. The goal
is to explain complex data patterns in a
simple, business-focused manner, allow-
ing decision-makers to understand who
is leaving, why, and what can be done to
retain them. Effective communication en-

Recap

sures that insights lead to meaningful ac-
tions, such as improving service quality or
launching targeted retention campaigns,
ultimately helping the company reduce
churn and enhance customer loyalty.

The data science life cycle is crucial be-
cause it provides a structured approach to
solving complex problems and extracting
meaningful insights from data. By follow-
ing a defined set of stages, data scientists
can ensure that they handle data system-
atically, from initial collection to final
deployment of solutions. This structured
process helps in maintaining the quality
and consistency of the data, which is es-
sential for accurate analysis and reliable
results. The life cycle starts with problem
identification, ensuring that the goals are
clear and aligned with business objectives.
This is followed by data collection, where
relevant data is gathered from various
sources. Data preparation, which includes
cleaning and organizing the data, is criti-
cal to ensure that subsequent analyses are
based on accurate and usable data.

A Data Science Project Life Cycle is a process that helps set clear objectives and scope
in a data science project. It is a set of steps that has to be completed before delivering

the product or service to the client.

Stages of Data Science Project Life Cycle :

¢ Data collection is the process of gathering the necessary data for analysis.

¢ Problem Definition involves understanding and defining the problem you

are trying to solve.

¢ Data cleaning and preparation involve transforming raw data into a usable

format.

¢ Exploratory Data Analysis (EDA) involves examining the data to uncover

patterns, trends, and insights.
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Feature Engineering is the process of creating new features from the
existing data that will help improve the performance of machine learning
models.

Model Selection and Training data scientists select appropriate algorithms
and train machine learning models on the prepared dataset.

Model evaluation involves assessing the performance of the trained model
using metrics relevant to the problem.

Model Deployment involves integrating the model into existing systems
and ensuring it operates reliably and efficiently.

Monitoring and Maintenance involves tracking the model’s performance,
detecting any drift in the data, and making necessary updates to maintain its
accuracy.

Communication and Reporting stage involves translating complex
technical findings into meaningful, actionable conclusions using data
visualizations, summary reports, dashboards, and presentations.

Analyze a sample scenario and explain it with a Data Science Life Cycle.

Objective Type Questions

10.

What is the purpose of the Problem Definition stage in a data science project?

Which stage involves gathering data from multiple sources such as databases,
APIs, or files?

What tasks are typically performed during the Data Cleaning and Preparation
phase?

What is the main goal of Exploratory Data Analysis (EDA) in the data
science process?

Which stage involves creating or selecting new variables that help improve
model performance?

What factors should be considered during Model Selection and Training?

How is the performance of a trained model assessed during the Model
Evaluation phase?

What does the Model Deployment stage involve in real-world applications?

Why is Monitoring and Maintenance important after a model has been
deployed?

How do data scientists present findings and recommendations in the Comm-
unication and Reporting stage?
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Answers to Objective Type Questions

To clearly understand the business problem and define the objective

2. Data Collection

(98]

Handling missing values, removing duplicates, formatting data, converting
data types

To explore data patterns, detect anomalies, and generate initial insights
Feature Engineering

Choosing the right algorithm, training, and parameter tuning
Accuracy, precision, recall, F1-score

Integrating the model into a production system

2 g N ey o

Tracking model performance, detecting data drift, updating the model

10. Reports, dashboards, and visualizations for stakeholders

Assignments

1. Define Data Science Project Life Cycle. Explain the different stages of the
Data Science Project Life Cycle in detail.

2. Briefly describe a sample scenario related to the Data Science Project Life
Cycle.

Reference

1. Provost, F., and Fawcett, T. (2013). Data Science for Business: What You
Need to Know about Data Mining and Data-Analytic Thinking. O’Reilly
Media.

2. Hastie, T., Tibshirani, R., and Friedman, J. (2009). The Elements of Statistical
Learning: Data Mining, Inference, and Prediction (2nd ed.). Springer.

3. VanderPlas, J. (2016). Python Data Science Handbook: Essential Tools for
Working with Data. O’Reilly Media.
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Suggested Reading
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IBM Developer - Data Science https://developer.ibm.com/technologies/
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Unit 3
Data Types in Data Analytics

Learning OQutcomes

After completing this unit, the learner will able to:

¢ define different types of data in data analytics (e.g., numerical, categorical,
ordinal, nominal).

¢ list common examples of structured and unstructured data.
¢ identify the differences between qualitative and quantitative data.

¢ describe how different data types are used in basic analytical operations.

Prerequisites

Data structures play a crucial role in Data Science and Analytics, as they enable efficient
storage, organization, and processing of large datasets. Understanding data structures
helps in optimizing algorithms, improving computational speed, and enhancing deci-
sion-making. Efficient data storage and retrieval using structures like arrays, linked lists,
and hash tables reduce processing time and improve performance. Choosing the right
data structure enhances data processing tasks such as sorting, searching, and aggrega-
tions. As data scientists often work with large datasets, structures like trees and graphs
help manage complex relationships within data. Proper memory management through
optimized data structures prevents wastage and ensures faster computations. Many
machine learning and Al models rely on structures like matrices, queues, and graphs for
effective training and predictions. Additionally, data manipulation and transformation
become more efficient with tools like Pandas and NumPy, which utilize DataFrames and
arrays. A strong understanding of data structures also improves problem-solving skills,
allowing analysts to develop better algorithms for accurate and efficient solutions. Mas-
tering data structures enhances data processing capabilities, improves analytical speed,
and supports the development of scalable data-driven applications, making them essen-
tial in Data Science and Analytics.

Key Concepts

Structured Data, Unstructured Data, Semi- Structured Data, Statistical Data,
Qualitative Data




Discussion

1.3.1 Overview

Identifying data types is fundamental in
data science because it sets the foundation
for accurate data analysis and model build-
ing. Different data types such as integers,
floats, strings, and categorical data require
distinct preprocessing and handling tech-
niques. For instance, numerical data might
need normalization or scaling, while cate-
gorical data often requires encoding into
numerical values. Misidentifying data
types can lead to incorrect analyses, faulty
models, and ultimately flawed insights.
For example, treating categorical data as
numerical can result in meaningless cal-
culations and predictions. Therefore, cor-
rectly identifying data types ensures that
the appropriate statistical and machine
learning methods are applied, preserving
the integrity and accuracy of the analysis.

Furthermore, proper data type identifica-
tion aids in data cleaning and transforma-
tion processes. Recognizing whether data
contains dates, times, text, or numbers
helps in performing relevant transforma-
tions, such as parsing dates, tokenizing
text, or aggregating numerical values.
This clarity is crucial for exploratory data
analysis (EDA), where understanding the
distribution and relationships between
different types of data is essential. For ex-
ample, visualizing categorical variables
might involve bar plots, while numerical
data might be explored using histograms
or scatter plots. Accurate identification
of data types also facilitates error detec-
tion, like spotting outliers or inconsistent
entries, which are critical steps in ensur-
ing data quality. Overall, identifying data
types is a cornerstone in the data science
workflow, underpinning every stage from
initial exploration to final model deploy-
ment.

@,

1.3.2 Types of Data

For every data, there is an associated data
type, which determines the set of possi-
ble values and operations with the data. A
numerical value “e.g. 25.4” can be com-
pared with another numerical value with
operators such as ‘equal’, ‘greater than’ or
‘less than’. If multiple data measurements
exist with a single instance, the data may
also be averaged. A word such as “Data”
in social media may be uppercase or low-
ercase. Numerical values don’t have any
instances like that. There are many ways
to define types of data. In data analytics
we used to categorize data as structured,
unstructured or semi-structured data. Let
us first check this categorization.

Knowledge regarding the types of data
in data analytics is highly essential as the
data type has a significant influence on
each stage of a data science project, start-
ing with the data collection. Apart from
that the data type also influences the selec-
tion of tools and techniques in that specific
project. Information regarding data types
is highly crucial while selecting the best
methods for data analysis and machine
learning. We can classify the data types
mainly into structured data, unstructured
data and semi-structured data. Based on
characteristics these classes may be fur-
ther divided into many sub-categories.

1.3.2.1 Structured data

Let us start with structured data. Struc-
tured data is usually represented in tabular
format and can be stored as spreadsheets
or in relational databases. Data coming
under this category are highly organized
and easily searchable. As already men-
tioned, the structured data is arranged in
tables with rows and columns, where each
row represents a single instance and each

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics



column represents a specific attribute.
The structured data always follows a pre-
defined schema, and always has consis-
tency and integrity within the data. Each
column got a specific data attribute and
constraints. The organized nature enables
us to apply query languages such as SQL.
Analysts can do complex queries such as
filter, sort, aggregate, and join data for in-
depth analysis. The data is usually stored
in relational databases like MySQL, Post-
greSQL, and Oracle, which provide effi-
cient data management mechanisms such
as indexing, transaction control, and con-
currency management etc.

Structured data offers numerous advan-
tages, including efficiency, scalability,
data integrity, and interoperability. The
structured format allows for efficient data
retrieval and manipulation, making it
possible to quickly generate reports and
insights. It can be easily scaled using re-
lational database management systems
and can be integrated with various soft-
ware applications and platforms. How-
ever, it also presents challenges such as
rigidity, limited applicability to qualita-
tive data, and potential scalability issues
with extremely large datasets. Structured
data forms the backbone of business in-
telligence systems, enabling the creation
of dashboards, reports, and visualizations
that drive business decisions. Structured
data is good in enabling organizations
to derive valuable insights and make in-
formed decisions. Example (Table: 1.3.1)
of structured data is given below.

Table 1.3.1 Example of Structured Data

Employee | Name | Department | Salary
2401 Ramesh HR Rs. 50,000
2402 Suresh IT Rs. 70,000
2403 Vijesh [ Marketing [ Rs. 60,000
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1.3.2.2 Unstructured data

Unstructured data is the data such as
text, images, videos, and audio without
any predefined format. Usually unstruc-
tured data has characteristics such as its
volume is high, data is dynamic and com-
plex. These factors make us in need of
advanced processing techniques to extract
valuable insights. Text data is commonly
used in many instances such as sentiment
analysis of social media posts or cus-
tomer reviews, creating recommendation
systems based on user interactions, fraud
detection by identifying patterns in emails
or transaction records, and enhancing
customer support from chat logs or sup-
port tickets. In the area of healthcare, all
medical reports are unstructured data and
proper analysis of this data is useful in
early diagonalization and treatment.

Effectively handling of unstructured
data requires specialized tools. Big Data
platforms such as Apache Hadoop and
Apache Spark provide frameworks for the
processing of large unstructured datasets.
Elasticsearch is useful for searching and
analyzing unstructured data, and Mon-
goDB offers a flexible NoSQL database
solution. In Natural Language Process-
ing (NLP) tools such as NLTK, SpaCly,
and BERT are available. In the case of
image data, computer vision libraries
such as OpenCV and TensorFlow etc are
used for image and video analysis. These
tools collectively enable the extraction
of meaningful insights from unstructured
data, significantly driving business value.
Example (Table: 1.3.2) of unstructured
data is shown:

The log file entries consist of several parts.
The first part is the IP address, next there is
a timestamp enclosed in square brackets,
which indicates the date and time when
the request was made. The request method
and path are shown in quotes next. After
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Table 1.3.2 Example for log file from a browser

127.0.0.1 - - [04/Jul/2024:09:12:38 +0000] “GET /index.html HTTP/1.1” 200 1024
127.0.0.1 - - [04/Jul/2024:09:12:42 +0000] “POST /login HTTP/1.1” 302 512
192.168.1.1 - -[04/Jul/2024:09:13:15 +0000] “GET /dashboard HTTP/1.1” 200 2048

the request details, there is a three-digit
number indicating the HTTP status code
of the response, such as 200, 302, or 404.
The last number in the entry represents the
size of the response in bytes, for example,
1024, 512, or 256.

Other examples of unstructured data are
text documents (emails, reports, social
media posts), images and videos (CCTV
footage, medical scans), audio files (cus-
tomer service recordings, podcasts), sen-
sor data (IoT device logs, GPS tracking
data).

1.3.2.3 Semi-Structured Data

Like unstructured data, semi-structured
data don’t have a rigid schema, as seen
in structured data. The data contains tags
or markers to separate semantic elements.
This makes semi-structured data more
flexible compared with structured data
because this data is organized up to a cer-
tain level and these characteristics can be
leveraged for analysis. There are multiple
semistructured data formats, which in-
clude JSON (JavaScript Object Notation)
and XML (eXtensible Markup Language)
files, email messages, and NoSQL data-
bases, which store data in a flexible, doc-
ument-oriented format. Semi-structured
data is balanced between the rigidness of
structured data and the flexibility of un-
structured data.

When we deal with data analytics, there
are highly specific data types, such as time
series data and spatial data. Time series
data is a sequence of data points collect-
ed or recorded at specific time intervals.

Weather data, stock market prices are ex-
amples of time series data. Key charac-
teristics of time series data is that the data
points are ordered by time. Usually au-
tocorrelation exists between data points,
which means that current values of vari-
ables are correlated to previous observa-
tion values. In spatial data representation,
along with other attributes of the data, geo-
spatial coordinates of the location of the
occurrence of data points are also present.
Spatial data can be used to analyze spatial
relationships and can be visualized using
maps and spatial analysis tools.

1.3.3 Data Classification

Data classification based on different data
types is a fundamental step in data science
and data analysis. It involves organizing
data into categories according to its na-
ture and format, which helps in selecting
appropriate analytical methods and tools.
Common data types include structured
data (such as tables in databases), un-
structured data (like text, images, or vid-
eos), semi-structured data (such as JSON
or XML files), and time-series data (data
indexed over time). Proper classification
enhances data understanding, ensures bet-
ter preprocessing, and improves the effec-
tiveness of modeling and decision-making
processes. Recognizing these data types is
crucial for building reliable and scalable
data-driven solutions.

1.3.3.1 Based on Programm-ing
languages

Every programming language will have
built-in data types. Python defines sever-
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al fundamental data types (Table: 1.3.3)
that are used to store and manipulate dif-
ferent kinds of data. These include inte-
gers, (whole numbers without decimals)
floating-point numbers(numbers with a
decimal point), strings(ordered sequences
of characters), booleans (represent logical
values of either True or False), Lists (or-
dered collections of items that can be of
mixed data types), Sets (unordered col-
lections of unique items), and dictionaries
(unordered collections of key-value pairs),
also enclosed in curly braces.

Table 1.3.3 Fundamental data types in Py-
thon

Type Example

float 3.14,5.831

integer | 22, 540

bool true, false

string story, ‘bag of words’

1.3.3.2 Statistical Data Types

In statistics, data is classified into different
types based on its nature and how it can
be measured. In data science, understand-
ing statistical data types is fundamental
to effective data analysis and modeling.
These types define how data can be mea-
sured, compared, and processed using sta-

tistical methods. The two main categories
are Qualitative (Categorical) and Quanti-
tative (Numerical) data.

a) Qualitative data

This type of data represents categories,
labels, or names without any numeri-
cal meaning. It can be further classified
as categorical data and ordinal data.
Categorical data can be text or numeric
values. Categorical data cannot have any
meaningful ordering. For example, eye
color and zip code of place are categor-
ical data. Any mathematical calculations
or ordering of categorical data such as zip
code are meaningless. Ordinal data does
have a natural ordering. Letter grades of
the students are examples (Table:1.3.4) of
ordinal data where grade letters such as S,
A, B etc. got a natural ordering.

b) Quantitative data

This type of data represents measurable
quantities and can be analyzed mathemat-
ically. It can be further classified into dis-
crete data and continuous data. Discrete
data can take a finite (countable) number
of values. Examples of discrete data are
the number of students in class, the max-
imum number of seats on a bus etc. Con-
tinuous data can take any value within a
range. Examples (Table:1.3.4) of contin-
uous data is height of a population mea-
sured in inches or centimeters.

Table 1.3.4 Examples of Quantitative Data and Qualitative Data

Quantitative Data Qualitative Data
Discrete Continuous Categorical Ordinal
Eg: #website visitors | Depth of a lake | Cat breed | Job category(LILIII)
#students graduating Lap time of occupation | Rank of students in an exam
swimmer
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Table 1.3.5 Datasets and States of data

Name ID Sex Age Height Weight
(Text) | (Categorical) | (Boolean) | (Discrete | (Continuous | (Continuous
number) number) number)
Rama REOI121 M 34 168cm 62 kg
Seeta CE0321 F 30 165cm 65 kg

1.3.4 Datasets and States of
Data

Dataset is a collection of data which are
related to each other and organized in
such a way that one can perform analysis
on the data. Dataset typically consists of
multiple observations and may have mul-
tiple features. In a dataset, each feature or
attribute can be different data types. For
example we have a dataset of employees
as shown in (Table:1.3.5). You can see
the name is text, Sex is boolean, age is
discrete number, height/weight are contin-
uous numbers.

Datasets can be represented in various
forms. Tabular data is represented in
rows and columns somewhat similar
to a csv file or database table. Here the
row represents a single observation,
and each column represents a variable
or attribute. Text Data is a collection of
textual information, such as documents,
emails, or social media posts. We can have
datasets with time series data, image data,
audio data etc. For various data analysis
tasks, a dataset serves as a foundation
for various data analysis tasks, including
statistical analysis, machine learning, and
data visualization. The quality, structure,
and relevance of a dataset are crucial for
deriving meaningful insights and making
informed decisions. In a typical data
analytics project, data attributes play a
crucial role in determining the quality
and usability of the data. These attributes
provide valuable information about the

data, helping analysts to understand,
clean, and analyze it effectively.

1.3.5 Key Data Attributes in
Data Analytics Projects

When working on data analytics projects,
certain attributes are commonly used to
analyze, interpret, and derive insights.
These attributes define the characteristics
of the data and play a crucial role in
decision-making.

1. Identifiers (ID Attributes): Unique
values assigned to each record. Helps in
tracking individual entities but is usually
not used in calculations.

Examples:

Customer ID, Employee ID, Order
Number, Product Name

2. Demographic Attributes: Information
related to people or entities. Helps in
customer segmentation and targeted mar-
keting. Used for population analysis and
trend prediction.

Examples:

Age, Gender, Income, Education Level,
Location

3. Temporal Attributes (Time-Based
Data): Attributes related to time, dates,
and durations. It is used for Time-series
forecasting (e.g., sales trends) and Event
tracking and trend analysis.

Examples:

Order Date, Birthdate, Transaction Time-
stamp, Response Time
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4. Quantitative Attributes (Numeric
Data): Measurable numerical values used
for calculations. It is used for Statistical
analysis, trend prediction, and perfor-
mance measurement.

Examples:

Sales Revenue, Product Price, Customer
Spend, Discount Percentage

5. Categorical Attributes (Qualitative
Data): Data that represents categories or
labels. Used for classification, filtering,
and grouping of data. Helps in customer
behavior analysis and trend detection.

Examples:

Product Category, Customer Feedback,
Payment Method, Region

6. Behavioral Attributes: Data captur-
ing user behavior or interactions. Under-
standing user engagement, recommending
products, and improving customer experi-
ence.

Examples:

Website Clicks, Purchase History, Login
Frequency, Time Spent on Page

7. Derived Attributes (Computed Fea-
tures): Attributes created using existing
data points. Feature engineering in ma-
chine learning. Creating meaningful in-
sights for decision-making.

Examples:

Customer Lifetime Value (CLV) = Total
Spend / Number of Visits

Average Order Value = Total Revenue /
Number of Orders

Age = Current Year - Birth Year

8. Geospatial Attributes: Data related to
geographic locations. It is used for Loca-
tion-based marketing, logistics, and geo-
graphic trend analysis.

Examples:

Latitude and Longitude, City, Country,

Postal Code

1.3.6 Introduction to States of
Data

During the life cycle, data can take states
such as creation, storage, usage, sharing,
archiving and destruction. Information re-
garding state of data is highly important
for proper data management and using the
data for analytics. Knowledge of state is
also important in managing data integrity,
accessibility and security.

1.3.6.1 Data creation

For every analytical job, data should be
generated or collected from reliable sourc-
es. Data creation may include entering data
manually, from sensors, from mechanical
or optical devices etc. In this state, data is
often raw and unprocessed and can be in
any format. Data quality mainly depends
on the accuracy and completeness in this
stage.

Examples of data creation are data collect-
ed from log of website traffic, sensors col-
lecting the number of vehicles crossing a
bridge, data collected from surveys either
online or offline and so on.

1.3.6.2 Data Storage

The state of the data is that it is stored in
various databases, data warehouses, cloud
storage or spreadsheets for future purpos-
es. The storage requires proper data struc-
tures for further processing and we should
ensure data privacy, security and backup.

Examples of the data in this state is data
stored in HDD, NAS, in any relational DB
or NoSQL databases etc.

1.3.6.3 Data Usage

Data in this state is used for analysis by
accessing and processing. In this state data
can undergo transformation, aggregation,
analytics, querying, reporting etc.

For example, instances such as creation
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of sale reports from transactional dataset,
finding trends and patterns from dataset
are states of data usage.

1.3.6.4 Data Sharing

When data is accessible to a group of peo-
ple, or systems or organizations, then we
can say that the state of the data is sharing.
For example data can be shared with oth-
er entities through publishing the datasets
for public access, or data can be shared
through API’s etc.

1.3.6.5 Data Archiving

In this state data is stored for long term
storage and this data storage is not meant

Recap

for frequent access. In data archiving, data
is usually compressed to reduce the size
for cost-effectiveness.

Example: Archiving medical data of pa-
tients after curing the diseases/death is an
example of data archiving.

1.3.6.6 Data Destruction

In this state, complete data is deleted from
the system. Data destruction is required
when the data storage is costly and the
stored data is not useful for further anal-
ysis. In the case of sensitive data, data de-
struction is required to stop unauthorized
data access.

¢ Types of Data for every data is an associated data type, which determines the
set of possible values and operations with the data.

¢ Structured data is usually represented in tabular format and can be stored as
spreadsheets or in relational databases.

¢ Unstructured data is the data such as text, images, videos, and audio without

any predefined format.

¢ Semi-structured data don’t have a rigid schema, as seen in structured data.

¢ Data classification based on Programming languages

¢ Statistical Data Types data is classified into different types based on its
nature and how it can be measured. The two main categories are Qualitative
(Categorical) and Quantitative (Numerical) data.

¢ Qualitative data represents categories, labels, or names without any numerical
meaning.

¢ Categorical data can be text or numeric values.
¢ Ordinal data does have a natural ordering.

¢ Quantitative data represents measurable quantities and can be analyzed
mathematically.

¢ Discrete data can take a finite (countable) number of values.

¢ Continuous data can take any value within a range.
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Dataset is a collection of data which are related to each other and organized
in such a way that one can perform analysis on the data.

Key Data Attributes in Data Analytics Projects : identifier attribute, temporal
attribute, demographic attribute, quantitative attribute, categorical attribute,
behavioural attribute, derived attribute, geospatial attribute

Data creation may include entering data manually, from sensors, mechanical
or optical devices, etc.

The state of the data is that it is stored in various databases, data warehouses,
cloud storage or spreadsheets for future purposes.

Data in this state is used for analysis by accessing and processing.

When data is accessible to a group of people, or systems or organizations,
then we can say that the state of the data is sharing.

In data archiving, data is usually compressed to reduce the size for cost-
effectiveness.

Data destruction is required when the data storage is costly and the stored
data is not useful for further analysis.

Objective Type Questions

5D 29 _gal OV A eS S USl

What type of data is an image file?

Which data type represents categories with no inherent order?

What type of data is used to record the number of students in a classroom?
Which data type does a JSON file represent?

Which statistical data type consists of values that can only be whole numbers?
Which type of data does a postal code represent?

Which type of data is measured on a scale and can take any real value?
What type of data is commonly used for regression analysis?

In data analytics, what is the main characteristic of unstructured data?

10. Give an example of semi-structured data?

Answers to Objective Type Questions

e =

Unstructured
Nominal
Discrete

Semi-structured
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Discrete
Nominal categorical data
Continuous

Numerical data

OB O I

It lacks a clear structure or format
10. XML

Assignments

Explain the different types of data in data analytics with suitable examples.

2. Compare and contrast structured, unstructured, and semi-structured data.
Provide real-world examples for each.

What are categorical and numerical data types? Explain with examples.

Discuss the importance of understanding data types in data analytics. How
do different data types affect analysis and decision-making?

5. Explain the differences between nominal and ordinal data. Provide examples
where each type is used in data analytics.

6. Differentiate between discrete and continuous data. Provide real-world
examples where each type is used.
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Unit 4
Data Attributes

Learning Qutcomes

After completing this unit, the learner will able to:

¢ define data attributes and explain their role in data analytics.
¢ list different types of data attributes used in data analytics.

¢ identify examples of structured, unstructured, and semi-structured data
attributes.

¢ describe the differences between categorical and numerical data attributes.

Prerequisites

Data attributes play a crucial role in organizing, processing, and analyzing data effi-
ciently. They help categorize and structure data for easier storage and retrieval, ensuring
better data organization. By enabling the detection and correction of inconsistencies,
missing values, and duplicates, data attributes enhance data quality. They also facilitate
data preprocessing by aiding in normalization, transformation, and feature engineering,
which improves model accuracy. In decision-making, data attributes provide meaning-
ful insights by defining key characteristics of the data. Additionally, they support data
visualization by helping to choose the right charts and graphs for effective represen-
tation. In machine learning, selecting relevant attributes reduces noise and optimizes
predictions, thereby improving model performance. Data attributes also contribute to
security and compliance by allowing classification of sensitive information to meet
regulatory requirements. Lastly, standardized attributes enhance data interoperability,
making integration across different systems smoother and more efficient.

Key words

Data Ownership, Access Control, Data Retention Policies




Discussion

1.4.1 Overview

In data science and analytics, understand-
ing data attributes is essential for effective
data manipulation and analysis. A data
attribute, also known as a data field, data
element, or variable, represents a specif-
ic piece of information about an entity or
an object in a dataset. These attributes are
the individual characteristics or properties
that describe and provide context to the
data being analyzed. They can vary wide-
ly depending on the nature of the dataset
and the domain of application.

Data attributes come in different types,
including numerical, categorical, ordinal,
and binary. Numerical attributes, such as
age or salary, represent measurable quan-
tities. Categorical attributes, like gender or
department, represent discrete categories
or labels. Ordinal attributes, such as rank-
ings or satisfaction levels, have a clear,
ordered relationship among their values.
Binary attributes, like yes/no or true/false
responses, indicate one of two possible
states. Recognizing and correctly catego-
rizing these attributes is essential for ap-
plying appropriate analytical techniques
and ensuring the integrity and accuracy of
data analysis processes. By understanding
data attributes, analysts and data scientists
can better organize, visualize, and derive
meaningful insights from their data.

1.4.2 Types of Data Attributes

In data science, understanding the types
of attributes in a dataset is fundamental
to effective data analysis. Attributes, also
known as variables or features, represent
the characteristics of the data being ana-
lyzed. They can be broadly categorized
into several types, each with unique prop-
erties and implications for analysis such
as Administrative, Statistical, and Opera-
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tional attributes of data.

1.4.2.1 Administrative attributes

Administrative attributes are essential for
the effective management and governance
of data within an organization. These attri-
butes encompass the policies, procedures,
and responsibilities related to data han-
dling, ensuring that data is appropriately
managed, secured, and utilized. Key com-
ponents of administrative attributes in-
clude data ownership, access control, and
data retention policies.

a) Data Ownership

Data ownership refers to the responsibili-
ty assigned to individuals or departments
within an organization regarding the man-
agement and oversight of specific data-
sets. Ownership ensures accountability,
with designated data stewards or custodi-
ans tasked with maintaining data quality,
integrity, and security. This includes de-
fining who can access the data and under
what conditions.

b) Access Control

Access control policies determine who can
access specific datasets and what opera-
tions they can perform on the data. These
policies are crucial for protecting sensi-
tive information and ensuring that only
authorized personnel can view or modify
the data. Access controls often include
role-based access, where permissions are
granted based on the user’s role within the
organization.

¢) Data Retention Policies

Data retention policies specify how long
data should be kept and when it should be
archived or deleted. These policies ensure
compliance with legal and regulatory re-
quirements, as well as organizational pol-



icies. Proper data retention helps manage
storage resources efficiently and mitigates
risks associated with holding obsolete or
redundant data.

Administrative attributes ensure that data
is managed systematically, reducing risks
related to data breaches, compliance vio-
lations, and inefficiencies. They provide
a framework for accountability and trans-
parency in data handling, which is critical
for maintaining trust and integrity in da-
ta-driven operations.

1.4.2.2 Statistical attributes

Statistical attributes pertain to the quanti-
tative characteristics of data that provide
insights into its distribution and variabil-
ity. These attributes are fundamental for
analyzing and interpreting data, helping to
uncover patterns, trends, and anomalies.
Important statistical attributes are central
tendencies, range, dispersion etc.

Statistical attributes provide a foundation
for data analysis, enabling data scientists to
make informed decisions based on quanti-
tative evidence. They help in identifying
outliers, trends, and relationships within
the data, which are essential for predictive
modeling and hypothesis testing.

1.4.2.3 Operational attributes

Operational attributes define the contextu-
al and temporal aspects of data, including
its source, frequency, and latency. These
attributes are vital for understanding the
operational characteristics and limitations
of data. Some key components are defined
below.

a) Data Source

The data source refers to the origin of the
data, such as databases, APIs, sensors, or
external datasets. Knowing the source is
important for assessing the reliability and
relevance of the data. For example, data
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from a well-maintained database is gener-
ally more reliable than data scraped from
unverified websites.

b) Data Frequency

Data frequency indicates how often data
is updated or collected. This could be re-
al-time, daily, weekly, or at other intervals.
The frequency of data collection impacts
its freshness and relevance. For instance,
real-time data is critical for applications
like stock trading, while weekly data may
suffice for sales reports.

¢) Data Latency

Data latency refers to the delay between
data generation and its availability for
analysis. Low-latency data is available al-
most immediately after it is created, which
is crucial for time-sensitive applications
such as fraud detection. High-latency data
may be delayed by processing or trans-
mission times, affecting its timeliness for
certain analyses.

Operational attributes help data profes-
sionals understand the context and timing
of data, ensuring that it is suitable for its
intended use. They inform decisions about
data integration, processing, and analysis,
ensuring that data-driven insights are both
accurate and timely.

Understanding and managing administra-
tive, statistical, and operational attributes
of data are essential for effective data an-
alytics. Administrative attributes ensure
proper governance and security, statistical
attributes provide the quantitative foun-
dation for analysis, and operational attri-
butes define the context and timeliness of
the data. Together, these attributes enable
organizations to leverage their data assets
effectively, making informed decisions
that drive business success. Another way
of looking at data attributes are descrip-
tive, structural, etc. Details of these classi-
fications are given below.
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1.4.2.4 Descriptive Attributes

In data analytics, understanding and cate-
gorizing the attributes of data is crucial for
effective analysis and decision-making.
Descriptive attributes, also known as de-
scriptive statistics or summary statistics,
provide essential insights into the data
by summarizing its main features. These
attributes help analysts understand the
distribution, central tendency, and vari-
ability of the data. They are fundamental
in the initial stages of data analysis, set-
ting the stage for more complex analytical
techniques. Descriptive attributes can be
broadly classified into three.

a) Measures of central tendency(Indi-
cates the center of data)

These measures describe the central or
average value of a dataset. They help in
identifying where most of the data points
are concentrated. Its key types are:

¢ Mean (Average): The sum of all
values divided by the number of
values.

Example: The average height of students
in a class.

¢ Median: The middle value when
data is arranged in ascending or
descending order.

Example: The median salary in a company.

¢ Mode: The most frequently occurr-
ing value in a dataset.

Example: The most common shoe size
sold in a store.

b) Measures of dispersion(Indicates the
spread of data)

These measures describe the variability
or spread of data points in a dataset. They
help in understanding how much the data
deviates from the central value. Its key
types are:

¢ Range: The difference between the
maximum and minimum values.

Example: The highest and lowest

temperatures recorded in a city.

¢ Variance: The average squared
deviation from the mean, showing
how data points are spread.

Example: The variance in students’ exam
scores.

¢ Standard Deviation: The square
root of variance, representing the
average deviation from the mean.

Example: The variation in monthly sales
revenue.

¢ Interquartile Range (IQR): The

range between the 25th and 75th
percentiles, showing the spread of
the middle 50% of the data.

Example: The middle range of house pric-
es in a locality.

¢) Measures of shape (Describes the dis-
tribution of data)

These measures describe the shape of the
data distribution, helping to understand
skewness and peak characteristics. Its key
types are:

¢ Skewness: Measures the asymm-
etry of the data distribution.

Example: 1f income data is skewed right,
most people earn less, but a few earn
significantly more.

¢ Kurtosis: Measures the sharpness
(peakedness) of the data distribu-
tion.

Example: A high kurtosis in exam scores
means many students scored close to the
average.

Descriptive attributes are highly important
in various stages of data analytics, they
are listed below.

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics




a. Exploratory Data  Analysis
(EDA):During EDA, descriptive
statistics help summarize the data,
identify patterns, and detect ano-
malies. In a retail dataset, cal-
culating the mean and standard
deviation of daily sales helps
identify typical sales volumes and
unusual spikes or drops.

Data Cleaning: Identifying outli-
ers and inconsistencies using
measures of dispersion and shape
can guide data cleaning efforts.
In a dataset of sensor readings, a
high variance or skewness might
indicate faulty sensors or data
entry errors.

¢. Reporting and Communication:
Descriptive statistics provide a
concise way to report data insights
to stakeholders, making complex
data more understandable. Pres-
enting the median income in a
demographic study helps comm-
unicate typical earnings without
the distortion of outliers.

Understanding descriptive attributes is
fundamental for any data analyst or scien-
tist. They provide the foundation for more
advanced analyses and are crucial for
making data-driven decisions. By effec-
tively using measures of central tendency,
dispersion, and shape, analysts can gain
a comprehensive overview of the data,
identify key patterns, and communicate
insights clearly and accurately.

1.4.2.5 Structural Attributes of
Data

Structural attributes of data refer to the in-
herent characteristics that define the orga-
nization and relationships within a dataset.
These attributes include the format, ar-
rangement, and interconnections between
data elements. Understanding structural
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attributes is crucial for effective data man-
agement and analysis, as they influence
how data can be accessed, manipulated,
and interpreted. Structural attributes de-
fine the organization, format, and rela-
tionships within a dataset. They help in
understanding how data is stored, linked,
and processed. These attributes are broad-
ly classified into the following types:

a) Schema and Metadata

The schema defines the structure of a da-
tabase, including the tables, columns, data
types, and relationships between tables.
Metadata provides additional informa-
tion about the data, such as creation date,
source, and usage constraints. In a rela-
tional database, the schema outlines the
tables for customers, orders, and products,
specifying how they are linked through
foreign keys.

b) Data Models

Data models describe how data is logi-
cally organized and interacts within the
database. Common data models include
relational, hierarchical, network, and ob-
ject-oriented models. A relational model
organizes data into tables with rows and
columns, where relationships are man-
aged through primary and foreign keys.

¢) Data Types and Formats

Data types define the nature of the data,
such as integers, strings, dates, and bi-
nary data. Formats specify how data is
stored and presented. A date field might
be stored as ‘YYYY-MM-DD’ to ensure
consistency and facilitate comparisons.

d) Indexes and Keys

Indexes improve data retrieval speed by
allowing quick access to rows based on
key values. Primary keys uniquely identi-
fy each row, while foreign keys establish
relationships between tables. For exam-
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ple, An index on the customer ID in an or-
ders table accelerates queries that retrieve
all orders for a specific customer.

e) Data Integrity Constraints

Constraints ensure the accuracy and con-
sistency of data. Common constraints in-
clude uniqueness, nullability, and referen-
tial integrity. A uniqueness constraint on
an email column ensures that no two users
can register with the same email address.

f) Normalization and Denormalization

Normalization organizes data to reduce
redundancy and improve integrity, typ-
ically through dividing data into related
tables. Denormalization combines tables
to optimize read performance at the cost
of redundancy. Normalizing a customer
database might involve separating contact
information into a different table, while
denormalizing might store all custom-
er information in a single table for faster
reads.

1.4.3 Importance of Structural
Attributes in Data Analytics

In data analytics, structural attributes play
a crucial role in organizing, interpreting,
and extracting meaningful insights from
data. These attributes refer to the inherent
organization of data elements such as data
types, formats, relationships, and hierar-
chical structures which directly influence
how data is stored, processed, and ana-
lyzed. Understanding structural attributes
helps data analysts select appropriate tools
and methods for tasks like data cleaning,
feature selection, and modeling. By ensur-
ing that data is well-structured and con-
sistently formatted, structural attributes
enhance the accuracy, efficiency, and re-
liability of analytics processes, ultimately
supporting better decision-making. Key
points are listed below:
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1.4.3.1 Efficient Data
Management

Properly structured data enhances storage
efficiency and retrieval speed. Understand-
ing the schema and indexing mechanisms
allows for optimized query performance.
In a retail analytics system, a well-struc-
tured database with proper indexes can
quickly fetch sales data across various di-
mensions like time, product, and location,
enabling real-time reporting.

1.4.3.2 Data Quality and
Integrity

Structural attributes like constraints and
data types enforce data quality by pre-
venting invalid entries and maintaining
consistency. Enforcing referential integ-
rity in a customer-order database ensures
that all orders reference valid customers,
preventing orphaned records and ensuring
accurate reporting.

1.4.3.3 Scalability

Understanding the structural attributes
allows for designing scalable systems
that can handle growing volumes of data
without compromising performance. A
scalable e-commerce platform might use
a combination of normalization for trans-
actional data and denormalization for ana-
lytical queries to balance performance and
integrity.

1.4.3.4 Flexibility in Data
Analysis

A well-structured dataset facilitates vari-
ous types of analyses by making it easier
to join tables, aggregate data, and perform
complex queries. In a healthcare analytics
project, a normalized database with clear-
ly defined relationships allows for seam-
less integration of patient, treatment, and
outcome data, enabling comprehensive
analysis of treatment effectiveness.
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1.4.3.5 Improved Data Security

Structural attributes help in implement-
ing robust security measures by defining
access controls and encryption standards.
Role-based access controls in a financial
database ensure that only authorized per-
sonnel can view sensitive data like sala-
ries and financial transactions.

1.4.3.6 Data Interoperability

Well-defined structural attributes enhance
data interoperability by ensuring that dif-
ferent systems can understand and use the
data effectively. A standardized format
for product information in a supply chain
allows various partners to integrate their
systems seamlessly, improving coordina-
tion and efficiency.

Structural attributes are foundational to
the effective management and analysis of
data. They ensure data is organized, ac-
cessible, and reliable, which are essential
for accurate analysis and informed deci-
sion-making. By understanding and lever-
aging these attributes, data professionals
can optimize their systems for perfor-
mance, scalability, and security, ultimate-
ly driving better business outcomes and
deeper insights from their data.

Data attributes can help in proper data
management and processing. It also helps
in identifying data accuracy, consisten-
cy etc, by ensuring data quality. Quality
data enables us to make informed deci-
sions without errors. In data integration
step also. information regarding data at-
tributes are highly essential as we collect
data from different sources. Another im-
portant field in which attributes help is in
data governance. They support data gov-
ernance practices by providing informa-
tion on data ownership, access controls,
and retention policies. This ensures that
the data is managed and used responsibly.
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1.4.4 Challenges of Managing
Data Attributes

Managing data attributes presents sever-
al challenges in the field of data analytics
and data science. Data attributes such as
type, format, consistency, accuracy, and
completeness are critical for ensuring the
quality and usability of datasets. However,
issues like inconsistent naming conven-
tions, missing values, incorrect data types,
and redundant or irrelevant attributes can
significantly hinder data processing and
analysis. These challenges become even
more complex in large-scale or real-time
data environments. Effective management
of data attributes is essential to maintain
data integrity, support accurate model-
ing, and drive reliable insights in any da-
ta-driven project. Key challenges are:

1.4.4.1 Data Consistency

Ensuring consistent data attributes across
different systems and datasets can be chal-
lenging. Inconsistencies can lead to data
quality issues and hinder data integration
efforts.

1.4.4.2 Data Documentation

Maintaining comprehensive and up-to-
date documentation of data attributes re-
quires significant effort. Without proper
documentation, understanding and using
the data effectively becomes difficult.

1.4.4.3 Data Privacy and Security

Defining and enforcing access controls
and retention policies are crucial for pro-
tecting sensitive data. However, managing
these attributes across large datasets and
multiple systems can be complex.

1.4.4.4 Data Evolution

As data evolves over time, its attributes
may change. Keeping track of these
changes and ensuring that all systems and
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processes are updated accordingly is a data attributes requires robust tools and

continuous challenge. processes. Effective metadata manage-
ment is essential for ensuring the accuracy
1.4.4.5 Metadata Management and usability of data attributes.

Managing the metadata associated with

Recap

¢ A data attribute, also known as a data field, data element, or variable,
represents a specific piece of information about an entity or an object in a
dataset.

¢ Types of Data Attributes: Attributes can be broadly categorized into several
types, each with unique properties and implications for analysis such as
Administrative, Statistical, Operational, Descriptive, Structural Attributes
of Data.

¢ Administrative attributes encompass the policies, procedures, and
responsibilities related to data handling, ensuring that data is appropriately
managed, secured, and utilized.

¢ Statistical attributes pertain to the quantitative characteristics of data that
provide insights into its distribution and variability.

¢ Operational attributes define the contextual and temporal aspects of data,
including its source, frequency, and latency.

¢ Descriptive attributes, also known as descriptive statistics or summary
statistics, provide essential insights into the data by summarizing its main
features. These attributes help analysts understand the distribution, central
tendency, and variability of the data.

¢ Structural attributes of data refer to the inherent characteristics that define
the organization and relationships within a dataset.

¢ The data source refers to the origin of the data, such as databases, APIs,
sensors, or external datasets.

¢ Data frequency indicates how often data is updated or collected. This could
be real-time, daily, weekly, or at other intervals.

¢ Data latency refers to the delay between data generation and its availability
for analysis.

¢ In data analytics, understanding and categorizing the attributes of data is
crucial for effective analysis and decision-making.

¢ Measures of central tendency(Indicates the center of data) describe the
central or average value of a dataset. They help in identifying where most of
the data points are concentrated.
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Measures of dispersion(Indicates the spread of data) describe the variability
or spread of data points in a dataset. They help in understanding how much
the data deviates from the central value.

Measures of shape (Describes the distribution of data) describe the shape of
the data distribution, helping to understand skewness and peak characteristics.

The schema defines the structure of a database, including the tables,
columns, data types, and relationships between tables. Metadata provides
additional information about the data, such as creation date, source, and
usage constraints.

Data models describe how data is logically organized and interacts within
the database.

Data types define the nature of the data, such as integers, strings, dates, and
binary data. Formats specify how data is stored and presented.

Indexes improve data retrieval speed by allowing quick access to rows based
on key values. Primary keys uniquely identify each row, while foreign keys
establish relationships between tables.

Indexes improve data retrieval speed by allowing quick access to rows based
on key values. Primary keys uniquely identify each row, while foreign keys
establish relationships between tables.

Constraints ensure the accuracy and consistency of data. Common constraints
include uniqueness, nullability, and referential integrity.

Normalization organizes data to reduce redundancy and improve integrity,
typically through dividing data into related tables.

Denormalization combines tables to optimize read performance at the cost
of redundancy.

Objective Type Questions

Sl

g N & @

Define a data attribute?
Administrative attributes of data include:
What does data ownership refer to?

Which policy determines who can access specific datasets and what
operations they can perform?

What do statistical attributes of data help in understanding?
What does data latency refer to?
Which of the following is an example of an operational attribute of data?

Which measure describes the central or average value of a dataset?
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9. What does the schema of a database define?

10. Which data model describes how data is logically organized within a
database?

11. Which type of key uniquely identifies each row in a database table?
12. Which data attribute ensures the accuracy and consistency of data?
13. What is the primary goal of normalization in a database?

14. What is denormalization used for?

Answers to Objective Type Questions

A specific piece of information about an entity or object in a dataset
Data ownership, access control, and retention policies

The responsibility of managing and overseeing specific datasets
Access control policy

Quantitative characteristics, distribution, and variability of data
The delay between data generation and its availability for analysis
Data source

Measures of central tendency

2 g N ey o Y=

The structure, tables, columns, and relationships within a database

—
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. Relational model
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. Constraints
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. To organize data and reduce redundancy

[a—
25N

. To optimize read performance at the cost of redundancy

Assignments

1. Define data attributes and explain their significance in data analytics. Provide
real-life examples of different types of data attributes.

2. Compare and contrast administrative, statistical, and operational attributes
of data. Give suitable examples for each category.

3. Discuss the role of data ownership, access control policies, and data
retention policies in data governance. Explain how these policies impact
data security and compliance.

4. Explain measures of central tendency, dispersion, and shape in data
analysis. Provide examples and describe their significance in decision-
making.
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5. Discuss how data source, frequency, and latency affect real-time data
processing and analytics. Provide examples of industries where operational
attributes are critical.

6. Choose an organization (e.g., healthcare, banking, e-commerce) and analyze
its data management policies related to ownership, access control, and
retention. Provide suggestions for improvement.
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Unit 1
Data Quality

Learning OQutcomes

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

¢ familiarise with the concept of Data Quality
¢ understand the elements that define data quality
¢ cxplore the importance of maintaining quality data

¢ discuss the strategies to improve data quality

Prerequisites

A solid foundation in data management is essential for students in data science and
analytics. They begin by learning data collection, storage, and cleaning, which ensures
data integrity and usability. Understanding how data is gathered from different sources,
such as databases, APIs, web scraping, and surveys, helps in acquiring meaningful and
relevant data for analysis.

Data integrity is another crucial aspect, ensuring that data remains accurate, consistent,
and reliable throughout its lifecycle. Students learn about common data quality issues,
such as missing values, duplicate records, and inconsistencies, and how to handle them
using preprocessing techniques like imputation, normalization, and standardization.

These foundational skills form the bedrock of any data-related work, enabling students
to effectively process and prepare data before applying advanced analytical and machine
learning techniques.

Key words

Data Cleaning, Standardization, Governance, Validation, Consistency




Discussion

2.1.1 Introduction to Data
Quality

The quality of data is the most fundamen-
tal aspect regarding the performance of
data-driven decision-making systems. As
we know, most of organisations are de-
pendent on data driven decision making
systems in today’s data centric world, or-
ganizations rely heavily on data to create
strategies, do operations, and implement
decisions. From organization to organiza-
tion, the context will be different, for ex-
ample, some organizations are looking to
improve customer experiences, and others
are looking to optimize supply chains, or
make financial forecasts. In all these cases
the quality of data directly influences the
effectiveness and success of the decision
support system.

To answer the question “Why quality of
data matters in decision support systems”
we have to analyse the aspects such as
accuracy, completeness and reliability of
data.

2.1.2 Importance of Data
Quality

1. Accurate Analysis

If the data quality is high, it ensures that
the analysis is based on accurate and re-
liable information. The models created
from the data will be precise, which is
essential for making accurate predictions
using machine learning and deep learning
models.

2. Reliable Outcomes

Reliability in data means that the infor-
mation is dependable and consistent over
time. Reliable data leads to trustworthy
outcomes. For instance, in healthcare,
having reliable patient data is crucial for
accurately diagnosing conditions and pre-
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scribing treatments. Inaccurate or incon-
sistent data can lead to incorrect diagnoses
and treatment plans, endangering patient
health and safety.

3. Decision-Making

Good decision-making depends on the in-
tegrity and comprehensiveness of the data
used. High-quality data provides a solid
foundation for making well-informed de-
cisions. For example, a company looking
to expand its market reach relies on mar-
ket analysis data. If the data is incomplete
or biased, the company may target the
wrong audience or miss critical opportu-
nities, leading to failed ventures and finan-
cial losses.

2.1.3 Factors affecting Data
Quality

1. Accuracy

Accuracy means how correct and reliable
the data is. It can be affected by things like
mistakes during data collection, errors in
data entry, or people entering wrong in-
formation (e.g., typing the wrong price
for an item in a store’s inventory). Other
things that affect accuracy include prob-
lems during data transfer or technology
limitations.

2. Completeness

Completeness means that all required in-
formation is present in the dataset. How-
ever, some values may be missing due to
system errors or omissions during data
collection. For example, records may lack
critical information, such as missing cus-
tomer contact details in a CRM system.

3. Consistency

Consistency means using the same format
and rules for data across all sources. For
example, using old customer addresses in



a marketing campaign is a problem. In-
consistencies happen when the same data
is labelled or formatted differently in dif-
ferent places. This can occur when data
comes from multiple sources that are not
aligned. Duplicate records should also be
removed. For example, 'revenue' might
mean different things in different datasets,
like gross revenue in one and net revenue
in another.

4. Timeliness

Timeliness also affects data quality. For
example, a shop might have announced a
particular sales week for some set of items.
If we get the data once the sales period is
over, then we cannot do anything to im-
prove the sales. If we do not have services
to get the real time data, then the data is
useless, or we have to say that data quality
is poor as we are working only with his-
torical data.

2.1.4 Strategies to Improve
Data Quality

Ensuring high data quality is essential for
organizations to make informed decisions,
improve operational efficiency, and main-
tain a competitiveness among similar
firms. The following strategies provide a
comprehensive approach to enhance data
quality.

1. Data Cleaning

Data cleaning is crucial for identifying
and fixing errors, inaccuracies, and incon-
sistencies in data. The process involves
detecting anomalies and correcting them.
It improves data quality by removing du-
plicates, incorrect entries, and formatting
issues. Before starting, it is important to
carefully review the data and decide on
the best strategies for cleaning it. If data
is regularly collected from consistent
sources with the same format, a routine
data cleaning schedule can be established.
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This approach helps organizations prevent
errors from building up and ensures their
data remains accurate and trustworthy.

2. Data Validation

Implementing validation rules and checks
during data entry and collection ensures
accuracy and completeness from the be-
ginning. These rules may include checks
on statistical properties of the data, such
as range and median, format checks,
and consistency checks to compare data
against predefined criteria. Automated
validation processes can notify users of
potential errors in real-time, enabling
immediate correction. This proactive ap-
proach minimizes the chances of incorrect
data entering the system and improves
overall data integrity.

3. Standardization

Establishing and enforcing data standards
is crucial for ensuring consistency across
the organization. This includes defining
uniform formats, definitions, and pro-
cedures for data collection and storage.
Standardization guarantees that all data
follows the same conventions, simplifyng
integration, comparison, and analysis. It
also promotes improved communication
and collaboration between various depart-
ments and systems within the organiza-
tion.

4. Data Governance

A data governance framework is essen-
tial for managing data quality. It typically
includes policies, procedures, and roles
focused on supporting data quality initia-
tives. Data governance ensures account-
ability and provides a structured approach
to handling data throughout its lifecycle.
By clearly defining responsibilities and
establishing processes for monitoring and
improving data quality, organizations can
maintain high standards of data quality.
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5. Training and Awareness

All stakeholders should be made aware of
the importance of data quality in analyt-
ics, starting from data collection. Proper
training should be provided to ensure that
everyone is up to date with the latest tech-
niques and tools to enhance data quality. It
is essential to educate stakeholders about
the significance of data accuracy, as well
as methods for identifying and reporting
data issues. Raising awareness helps im-
prove data quality within the organization,
ensuring that the team's collective efforts
maintain high data quality standards.

6. Regular Audits

Regular data quality audits are crucial for
proactively identifying and resolving is-
sues. These audits involve systematically
reviewing data to uncover inaccuracies,
inconsistencies, and opportunities for im-
provement. Conducting audits regularly

Recap

allows organizations to address data quali-
ty problems before they worsen. Addition-
ally, audits offer valuable insights into the
effectiveness of current data quality strate-
gies and reveal areas that may need further
attention.

7. Utilizing Technology

Tools and technologies can greatly enhance
data quality, leading to more efficient and
effective data quality management. Ad-
vanced tools can automate various aspects
of data cleaning, validation, and monitor-
ing. These technologies include machine
learning algorithms to detect patterns and
anomalies, as well as real-time monitoring
systems that continuously evaluate data
quality. By leveraging these tools, orga-
nizations can optimize their data quality
processes, ensuring more consistent and
accurate data.

¢ Good data is important for making decisions, as it helps organizations plan,

run operations, and make choices.

¢ Key elements of data quality are accuracy, completeness, consistency

¢ Accuracy means how correct and reliable the data

¢ Completeness means that all required information is present in the dataset

¢ Consistency means using the same format and rules for data across all sources

¢ Timeliness means data needs to be current for effective use in real-time

decision-making

¢ Data governance involves policies, procedures, and roles for managing data

quality.

@,
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Objective Type Questions

10.

What is the most fundamental aspect of data-driven decision-making
systems?

Whatis the term used for data that is complete and free of missing information?

What is the process of removing incorrect entries, duplicates, and formatting
issues from data called?

What ensures that all data follows the same format and procedures across an
organization?

What framework helps ensure data quality and accountability throughout its
lifecycle?

What process involves systematically reviewing data to detect errors or areas
for improvement?

What is the process of detecting and fixing errors in data?

What is the term for data that lacks critical information, affecting its
completeness?

What term describes the uniformity of data formats and standards across all
sources?

What term refers to the relevance of data being available within the
appropriate time frame to support decision-making?

Answers to Objective Type Questions

SORCORE IO e L

10.

Data quality
Complete

Data cleaning
Standardization
Data governance
Auditing
Validation
Missing data
Consistency

Timeliness
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Assignments

1. Discuss the importance of data quality
2. Explain the factors affecting data quality.

3. Explain the role of data governance in maintaining high data quality
standards within an organization.

4. Describe how standardization contributes to maintaining high data quality.

5. Explain any 5 strategies to improve quality of data.
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2. Redman, T. C., 2008, Data Quality: The Field Guide, 1st ed., Digital Press.
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Unit 2
Data Cleaning

Learning OQutcomes

Upon completion of this unit, the learner will be able to

¢ familiarise with the concept of data cleaning and its significance in data
analytics.

¢ understand the steps involved in data collection and assessment.
¢ explore common data quality issues

¢ learn techniques for handling outliers and normalizing data.

¢ understand the importance of documentation and reporting in the data
cleaning process

Prerequisites

Data cleaning is a crucial step in analytics, ensuring that datasets are accurate, con-
sistent, and reliable before analysis. In this unit, learners will explore common data
quality issues such as missing values, duplicates, incorrect formats, inconsistencies,
and outliers that can affect results. They will learn various techniques to handle these
issues which help maintain data integrity and improve comparability. Emphasis will
also be placed on validation and documentation practices, ensuring that data cleaning
steps are recorded for transparency and reproducibility. By completing this unit, learn-
ers will develop the ability to clean and pre-process raw data efficiently, leading to
more reliable insights, accurate predictions, and better decision-making. These skills
are essential for advanced analytics, machine learning, and business intelligence, as
clean data forms the foundation of any data driven project.

Key words

Data Scrubbing, Imputation, Normalisation, Transformation




Discussion

2.2.1 Introduction to Data
Cleaning

Data Cleaning, also known as Data Clean-
sing (or Data Scrubbing), is the most time
consuming and important step in data an-
alytics. It involves detecting and correct-
ing (or removing) errors and inconsisten-
cies from data to improve its quality. This
process ensures that the data is accurate,
complete, and suitable for analysis. Data
cleaning can significantly impact the out-
come of data analysis and the decisions
based on it, making it an essential skill for
data scientists and analysts. In this guide,
we will explore the various steps involved
in data cleaning and the techniques used to
address common data quality issues.

2.2.2 Steps in Data Cleaning

1. Data Collection and Understanding

The first step in data cleaning is to under-
stand the data. We need to know where
the data comes from, what type it is, and
how it will be used. Knowing the source
helps us spot errors or biases. Understand-
ing whether the data is numbers, catego-
ries, or text is important because each type
needs different cleaning methods. Know-
ing the goal of the analysis helps us fig-
ure out which parts of the data are most
important to focus on. For example, in a
customer database, customer ID, email,
and purchase history are more important
than other details.

Major data collection techniques can be
broadly categorized as follows

1. Surveys and Questionnaires
(e.g., a company conducting an
employee satisfaction survey to
understand the factors affecting
job satisfaction).

@,
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2. Interviews (e.g., a researcher
conducting one-on-one intervi-
ews with patients to understand
their experiences with a new
treatment).

3. Observations (e.g., observing
customer behavior in a retail
store to identify shopping pat-
terns).

4. Experiments (e.g., testing two
different types of advertise-
ments to see which one attracts
more customers).

5. Existing Records and Data-
bases (e.g., using census data to
analyze demographic trends).

6. Web Scraping (e.g., scraping
product reviews from e-comm-
erce sites to analyze customer
sentiment).

Understanding the data is crucial in the
data cleaning process because it helps you
know exactly what you are working with.
When you understand where the data
comes from, its structure, and the types of
information it holds, you can easily spot
any errors, inconsistencies, or gaps. This
knowledge guides you in choosing the
right cleaning methods, like how to han-
dle missing values or outliers, and ensures
that you are working with accurate, rele-
vant data for analysis. Without a clear un-
derstanding, it is easy to overlook issues
that could lead to incorrect results.

2. Data Quality Assessment

Assessing data quality is an essential step
in data cleaning. This involves identifying
problems like missing values, inconsisten-
cies, duplicates, and outliers. Descriptive
statistics, such as the mean, median, stan-
dard deviation, and range, help provide an
overview of the data. Visual tools like his-



tograms, box plots, and scatter plots can
also help identify issues with the data.
For example, a histogram can show if the
data is unevenly distributed, and a box
plot can highlight any outliers. A report
that shows the frequency of missing val-
ues and duplicates helps guide the next
cleaning steps.

3. Handling Missing Data

Missing data is a common problem in
datasets and can arise from various sourc-
es, such as incomplete data entry, system
errors, or data integration issues. There are
several strategies to handle missing data,
depending on the extent and pattern of
missingness.

Strategies for Handling Missing Data

¢ Deletion: Remove records with
missing values (feasible when
the number of missing records is
small).

¢ Imputation: Fill missing values
using statistical methods. Comm-
on imputation techniques include

¢ Filling missing values with the
mean, median, or mode.

¢ More sophisticated methods
like regression imputation
or K-Nearest Neighbours
(KNN) imputation.

Here is an example shown in Table 2.1
with missing values. In this case, the
age of Vijayan is missing. Since age is a
numerical value, we can address this by
calculating the average of the other three
ages and assigning Vijayan an age of 33.
Table 2.1: Dataset with missing values

Empid | Name | Age
011 Rama 30
013 Krishna | 34
015 Vijayan | NA
016 Sathyan | 35

4. Removing Duplicates

Duplicate records can distort analysis re-
sults and lead to incorrect conclusions.
Duplicates often arise when data is col-
lected from multiple sources or integrated
into a single dataset. Identifying and re-
moving duplicates is crucial to ensuring
data integrity.

Techniques for Removing Duplicates

¢ Exact Duplicate Removal: Re-
move records that are the same
based on unique identifiers.

¢ Fuzzy Matching: When duplica-
tes are not exact, fuzzy matching
algorithms can identify similar
records based on predefined thre-
sholds.

5. Correcting Inconsistencies

Inconsistent data can happen due to differ-
ent data entry methods, system changes,
or combining data from various sources.
Common issues include different date for-
mats, inconsistent category names, and
varying units of measurement. To avoid
errors, it 1s important to make these for-
mats and units consistent. For example,
using the same date format (e.g., YYYY-
MM-DD) and converting all weights to the
same unit (e.g., kilograms) helps. Scripts
or validation tools can help automatically
find and fix these inconsistencies.

Table 2.2: Dataset with Gender Encoding
(M/F) and (0/1)

Name | Sex Name | Sex

Austin | M Sheeba 1

George | M Prince 0
Alice F Sathya 1
Peter M Bindu 1

In the example in Table 2.2, the first ta-
ble uses M/F to encode male and female,

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics



while the second table encodes male as
0 and female as 1. When integrating the
two, this difference in encoding could
cause issues.

6. Addressing Outliers

Outliers are data points that significantly
differ from other observations in the data-
set. While outliers can provide valuable
insights, they can also indicate errors or
anomalies that may skew analysis results.

Identifying Outliers

¢ Box Plots: Identify outliers as
points falling outside the inter-
quartile range (IQR).

¢ Scatter Plots: Reveal outliers in
bivariate data.

Handling Outliers

¢ Correction: If outliers result from
data entry errors, they can be corr-
ected.

¢ Transformation: Apply techniqu-
es like log transformations to
reduce the impact of outliers.

¢ Robust Methods: Use statistical
methods that are less sensitive to
outliers.

Example DatasetA=[12.15,15.477,22.23,
45.489, 33.222, 45.778,1002.1, 0.015]
Here the values 1002.1 and 0.015 are out-
liers.

7. Normalization and Transformation

Normalization and transformation are es-
sential for machine learning algorithms
that assume a certain distribution of data or
are sensitive to the scale of input features.
Normalization is the process of scaling
data attributes to a common range, which
is essential when different attributes have
varying units or scales. Transformation,
on the other hand, involves modifying the
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data using mathematical functions, such
as logarithmic or power transformations,
to make it more suitable for analysis and
improve model performance.

Normalization Techniques

¢ Min-Max Normalization: Scales
data to a specified range (usually
0to1).

¢ Z-score Standardization: Trans-
forms data based on the mean and
standard deviation, resulting in a
distribution with a mean of 0 and
a standard deviation of 1.

Transformation Techniques

¢ Log Transformation: Useful for
handling skewed data distributions
by reducing the influence of
extreme values.

8. Data Enrichment

Data enrichment involves enhancing a
dataset by adding additional information
from external sources to provide more
context and improve analysis. For exam-
ple, enriching a customer dataset with de-
mographic information such as age, gen-
der, or income, or integrating data from
different systems within an organization,
such as combining sales data with custom-
er service records. While enriching data,
it is essential to ensure that the added in-
formation is accurate and relevant to the
analysis objectives.

9. Data Validation

Data validation is the process of verifying
that the data meets predefined rules and
standards, ensuring its accuracy and con-
sistency. This includes:

¢ Format Checks: Verifying that
dates are in the correct format.

¢ Range Checks: Ensuring values
fall within acceptable ranges.
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¢ Cross-field Validation: Checking
the consistency of related fields
(e.g., verifying that the ‘end date’

of

‘start date”).

Automated validation scripts can be effec-

tive in
review.

10. Documentation and Reporting

an event 1s not earlier than the

important for transparency, reproducibili-
ty, and sharing knowledge. This involves
recording the changes made to the data,
explaining why they were made, and not-
ing the methods used. It also includes re-
porting data quality and cleaning steps to

large datasets, flagging errors for stakeholders to give context to the analysis
results. Good documentation ensures that
the cleaned data can be trusted for analysis

and helps with future cleaning efforts.

Documenting the data cleaning process is

Recap

Data cleaning involves detecting and correcting errors to ensure data quality

Data collection methods include surveys, interviews, observations,
experiments, existing records, and web scraping

Visualization tools like histograms, box plots, and scatter plots assist in
identifying patterns and anomalies

Normalization techniques, such as Min-Max scaling and Z-score
standardization, help scale data for better comparability

Addressing outliers can be achieved using statistical methods, box plots,
and scatter plots to detect and handle anomalies

Handling missing data can be done through deletion or imputation
methods

Fill missing values using statistical methods is called Imputation

Data enrichment enhances datasets by integrating external information
and combining multiple data sources

Data validation ensures reliability through format checks, range checks, and
cross-field validation

Documentation is a key step in data cleaning, involving the recording of
changes, the rationale behind modifications, and the methods used
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Objective Type Questions

1. What is the process of detecting and correcting errors in data called?

Which method involves filling missing values using statistical measures like
mean or median?

. What term describes the data collection method that involves asking

participants questions directly?

What is used to identify and correct variations in data formats and units?

5. What technique is used to handle data points that significantly differ from

the rest of the dataset?

6. What visual tool can reveal skewed data distributions?

7. Which process involves integrating additional information from external

9.

sources to enhance a dataset?

What is the process of verifying data against predefined rules to ensure
accuracy and consistency called?

What is the technique for scaling data attributes to a common range called?

10. Which Normalisation scales data to a specified range?

Answers to Objective Type Questions

SO O RSO R R

Cleaning
Imputation
Surveys
Standardization
Outliers
Histogram
Enrichment
Validation

Normalization

10. Min-Max Normalization

Assignments
1. Explain the significance of data cleaning in the data analysis process
2. Describe the process of handling missing data in a dataset.
3. Illustrate the steps involved in detecting and removing duplicate records from
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a dataset. Provide examples of both exact and fuzzy matching techniques.

4. Discuss the concept of normalization and its importance in preparing data
for machine learning models. Compare Min-Max normalization and Z-score
standardization with examples

5. Outline the steps required to correct inconsistencies in a dataset. Provide
examples of common inconsistencies and describe methods to standardize
data formats and units
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Unit 3

Data Transformation

Learning OQutcomes

Upon completion of this unit, the learner will be able to
¢ familiarise with the basic concepts of data transformation
¢ explain the importance of data normalization techniques
¢ familiarise various data encoding methods
¢ identify the role of logarithmic transformations

¢ list common challenges and considerations in data transformation

Prerequisites

Data transformation is a crucial step in data analytics, ensuring raw data is clean,
structured, and ready for analysis. Since data often comes from multiple sources with
different formats, transformation helps integrate and standardize it. For example, a
dataset of customer reviews may include numeric ratings, text feedback, product cate-
gories, and review dates. To make this data useful, it must be normalized, converted into
numerical formats, and cleaned for inconsistencies. These steps simplify complex data,
making it easier to identify patterns and trends. Additionally, transformation enhances
the performance of analytical models - scaling and standardizing data can improve the
accuracy of machine learning algorithms. Just as a chef prepares ingredients to perfect
a dish, data scientists refine data to suit their analysis. Mastering data transformation is
essential for accurate predictions and informed decision-making.

Key words

Transformation, Min-Max scaling, One-Hot encoding, Label encoding




Discussion

2.3.1 Introduction to Data
Transformation

Data transformation is a crucial process
in data analytics and data science that in-
volves converting raw data into a format
suitable for analysis. This step ensures
that data is cleaned, formatted, and pre-
pared for further tasks, making it easier for
analysts to uncover meaningful patterns,
trends, and relationships. Activities such
as data cleaning (removing inaccuracies),
normalization (scaling data), and aggrega-
tion (consolidating data) play a key role in
improving data quality, ultimately leading
to more reliable and accurate analysis.

Understanding and applying data trans-
formation techniques is vital for anyone
working on data-driven projects. Properly
transformed data enables the use of ad-
vanced algorithms and machine learning,
which enhance decision-making. Without
effective transformation, flawed data can
lead to incorrect conclusions and poor
business strategies. Mastering these tech-
niques is essential not only for technical
purposes but also for ensuring the success
and integrity of data analysis efforts. By
investing time in learning and applying
transformation methods, data profession-
als can improve their ability to extract
valuable insights and foster innovation in
their organizations.

2.3.2 Importance of Data
Transformation

Data transformation is a crucial process in
data analytics and predictive analytics. It
involves converting data from one format
or structure into another, making it ready
for further analysis. Raw data is often
messy, inconsistent, and difficult to ana-
lyze, which is why transformation is nec-
essary. It helps clean, normalize, aggre-
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gate, and structure data, making it more
coherent and usable. This process facili-
tates the discovery of patterns and trends
and enhances the overall quality and reli-
ability of the analysis. Without proper data
transformation, any insights derived could
be flawed or misleading, emphasizing its
critical role in data-driven projects.

In predictive analytics, the role of data
transformation is even more significant.
Predictive models rely on well-structured
data, as the accuracy of these models de-
pends on the quality of the input data.
Data normalization ensures that features
are scaled to a consistent range, which is
important for algorithms sensitive to input
scale. Aggregation helps summarize data,
making key trends and patterns more ev-
ident, while data cleaning removes errors
that could distort the model’s outcomes. In
summary, data transformation is the foun-
dation of predictive analytics, enabling
data scientists to create accurate models
that forecast future trends and events, ulti-
mately aiding better decision-making and
strategic planning.

2.3.3 Data Transformation
Techniques

2.3.3.1 Scaling

Scaling is a key step in data preprocess-
ing that involves adjusting the range of the
data. This is especially important for ma-
chine learning algorithms that are sensitive
to the scale of the data, such as k-nearest
neighbors (KNN) and support vector
machines (SVM). Without scaling, fea-
tures with larger values can dominate the
learning process, leading to biased results.

Min-Max Scaling

Min-Max Scaling is a data normalization
technique used in data preprocessing to
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transform the values of numeric features
to a common scale, typically within the
range of 0 to 1. This helps to standardize
the scale of features, ensuring that no fea-
ture dominates the learning process due to
its larger range of values.

Why Min-Max Scaling?

1. Algorithm Performance: Many ma-
chine learning algorithms, such as KNN,
SVM, and neural networks, are sensitive
to the scale of input data. Features with
larger ranges can dominate the learning
process, leading to biased results. Min-
Max Scaling ensures that all features con-
tribute equally to the analysis.

2. Improved Convergence: For gradi-
ent-based algorithms (e.g., gradient de-
scent used in training neural networks),
having data in a uniform scale can lead
to faster convergence, resulting in a more
stable and efficient training process.

3. Comparability: Min-Max Scaling
makes it easier to compare features, es-
pecially when visualizing data. It ensures
all features are on the same scale, helping
to identify patterns and correlations more
easily.

How Min-Max Scaling Works
Min-Max Scaling transforms each feature
individually according to the following
formula
Xscaled=(X—Xmin)/(Xmax—Xmin)
where

¢ X is the original value of the fea-

ture

¢ Xmin & Xmax are the minimum
and maximum values of the
feature, respectively

¢ Xscaled is the scaled value

This transformation linearly rescales the

feature values to fit within the range [0, 1].
Example of Min-Max Scaling

Consider a dataset given in Table 2.3.1
containing the heights and weights of indi-
viduals. The heights range from 150 cm to
200 cm, and the weights range from 50 kg
to 100 kg. These features are on different
scales, which can impact the performance
of machine learning algorithms.

Table 2.3.1 Data set of individuals

Height | Weight
150 50
160 55
170 60
180 65
190 70
200 75

Applying Min-Max Scaling to the dataset
results in the following scaled values giv-
en in Table 2.3.2

Table 2.3.2 Dataset after applying Min-
Max

Height | Weight
0.0 0.0
0.2 0.1
04 02
0.6 03
0.8 0.4
1.0 0.5

Both the height and weight features are
scaled to the range [0, 1]. Each original
value is transformed based on its respec-
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tive minimum and maximum values.

Limitations

¢ Sensitive to Outliers: Min-
Max Scaling is highly sensitive
to outliers because it uses the
minimum and maximum values
of the feature to scale the data.
Extreme outliers can significantly
impact these values, leading to
distorted or skewed results.

¢ Not Robust to Changes: Min-
Max Scaling can struggle when
new data falls outside the original
range of the feature. In such
cases, the scaling might no longer
be valid, and re-scaling with the
updated minimum and maximum
values will be required to maintain
consistency.

2.3.3.2 Standardization

Standardization is a key data preprocess-
ing technique used in data analytics and
machine learning. It transforms the data
so that it has a mean of zero and a stan-
dard deviation of one, ensuring that each
feature contributes equally to the model.
This is particularly useful when features
have different scales or units, as it makes
the data more consistent for the model.

Why Standardize Data?

1. Improved Algorithm Perfor-
mance: Many machine learn-
ing algorithms, such as linear
regression, logistic regression,
and k-means clustering, ass-
ume the data is normally dis-
tributed with a mean of zero.
Standardization helps meet this
assumption, leading to better
performance.

2. Faster Convergence in Gradi-
ent Descent: Algorithms using
gradient descent, like neural
networks, benefit from stand-
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ardized data because it leads
to faster and more stable con-
vergence by balancing the gra-
dients.

3. Enhanced Interpretability:
Standardization makes it easier
to compare model coefficients,
as they represent the impor-
tance of each feature on a
standardized scale, facilitating
interpretation.

4. Eliminating Bias: Standardiz-
ation ensures that features
with larger magnitudes do not
dominate the model, giving
equal importance to all features
in the learning process.

How Standardization Works

Standardization transforms each feature
in the dataset according to the following
formula:

Xstandardized = (X—p)/o

where:

¢ X is the original value of the fea-
ture

¢ uis the mean of the feature

¢ o is the standard deviation of the
feature

¢ Xstandardized is the standardized
value

This transformation adjusts the data so
that it has a mean of zero and a standard
deviation of one, effectively centering the
data and ensuring unit variance.

Example of Standardization

Consider a dataset given in Table 2.3.3
containing the heights and weights of indi-
viduals. The heights range from 150 cm to
200 cm, and the weights range from 50 kg
to 100 kg. These features are on different
scales, which can impact the performance
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of machine learning algorithms.
Table 2.3.3 Data of individuals

Height | Weight
150 50
160 55
170 60
180 65
190 70
200 75

Table 2.3.4 Standardized Table

Height Weight
-1.463850 -1.463850
-0.878310 -0.878310
-0.292770 -0.292770

0.292770 0.292770
0.878310 0.878310
1.463850 1.463850

In this example, both the height and weight
features are standardized. Each value is
transformed to have a mean of zero and a
standard deviation of one.

Challenges and Considerations

¢ Assumption of Normality: Stan-
dardization assumes that the
data is normally distributed. If
the data is significantly skewed,
standardization may not be the
best choice.

Not Robust to Outliers: Stan-
dardization is sensitive to outliers.
Extreme values can distort the
mean and standard deviation, affe-
cting the transformation.

¢ Dynamic Data: If new data is
introduced, the mean and standard
deviation may change, requiring
re-standardization.

2.3.3.3 Logarithmic
Transformation

It 1s a powerful technique used in data
preprocessing to stabilize variance and
make the data more normally distributed.
It is particularly useful for data with expo-
nential growth, multiplicative effects, or
skewed distributions. Applying this trans-
formation compresses the range of the
data, reducing the impact of outliers and
making patterns more discernible. This
technique 1s widely used in fields like fi-
nance, biology, and social sciences, where
data spans several orders of magnitude.

Example: Consider a dataset containing
the annual incomes of individuals, which
often has a right-skewed distribution.
High-income outliers can distort analyses
and model performance. A logarithmic
transformation normalizes the distribu-
tion, making the data easier to analyze and
interpret

2.3.3.4 Encoding Categorical
Data

Encoding categorical data is a fundamen-
tal step in data preprocessing, ensuring
that machine learning models can inter-
pret and utilize categorical features effec-
tively. Categorical data can be classified
into two types:

¢ Nominal Data: Categories with-
out any intrinsic order (e.g.,
colors, gender, cities).

Ordinal Data: Categories with a
specific order (e.g., small, medi-
um, large).

To convert categorical data into a numer-
ical format, two common encoding tech-
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niques are used: One-Hot Encoding and
Label Encoding.

One-Hot Encoding

One-Hot Encoding transforms each cat-
egory into a new binary column, where
a value of ‘1’ indicates the presence of a
specific category, and a value of ‘0’ indi-
cates its absence. This method is particu-
larly useful for nominal data, where there
is no inherent order among the categories.

Example:

If a dataset contains a feature “Color” with
values “Red,” “Green,” and “Blue,”
One-Hot Encoding will create three new
columns as shown in Table 2.3.5

Table 2.3.5 One-Hot Encoding

Table 2.3.6 Label Encoding

Size Encoded Value
Small 0
Medium 1
Large 2

2.3.3.5 Date and Time
Transformations

Date and time data often need to be trans-
formed into features that can be used in
analysis, such as extracting the year,
month, day, hour, etc.

Example: From “2023-08-15 14:30:00,”
we can extract Year = 2023, Month = 8,
and Hour = 14.

Color | Color Red | Color Green | Color Blue
Red 1 0 0
Green 0 1 0
Blue 0 0 1
Label Encoding 2.3.3.6 Handling Missing Values

Label Encoding assigns a unique integer
to each category, preserving any existing
ordinal relationship. It is most suitable for
ordinal data, where the order of catego-
ries carries meaning.

Example:

For an ordinal feature “Size” with values
“Small,” “Medium,” and “Large,” La-
bel Encoding will convert them as shown
in Table 2.3.6
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Handling missing values is a fundamental
step in data cleaning. Common techniques
include removing missing values, filling
them with a constant value, or using sta-
tistical methods to estimate them.

Example: If a student’s test score is miss-
ing, we can fill it with the class average
score to keep the data complete.



Recap

Data transformation converts raw data into a suitable format for analysis.
Min-Max scaling adjusts data to a consistent range between 0 and 1.

Standardization centers data around a mean of zero and a standard deviation
of one.

Logarithmic transformation compresses the range of data to handle skewed
distributions.

Categorical data is encoded using methods like One-Hot Encoding and
Label Encoding.

Missing values can be handled by deletion or imputation methods.
Normalization ensures that features are on a comparable scale.

Standardization helps improve the performance of machine learning
algorithms.

Outliers can significantly affect data analysis results.

Data enrichment adds additional information to enhance the dataset.

Objective Type Questions

',

10.

What process converts raw data into a more suitable format for analysis?
Which technique adjusts data to a consistent range between 0 and 1?

What technique standardizes data to have a mean of zero and a standard
deviation of one?

What is the method used to handle skewed data distributions by compressing
the range?

Which encoding method creates binary columns for categorical values?

What term describes data points that significantly differ from other
observations?

What technique involves removing inaccuracies and inconsistencies from
data?

Which encoding method assigns a unique integer to each category?

What is the term for adding additional information from external sources to
a dataset?

Which process involves checking the accuracy and consistency of data based
on predefined rules?
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Answers to Objective Type Questions

2 g NH ey o Y=

Transformation
Min-Max
Standardization
Logarithmic
One-Hot
Outliers
Cleaning

Label

Enrichment

10. Validation

Assignments

. Explain the importance of data transformation in data analytics and predictive

modeling. Discuss how it impacts the quality of analysis and decision-
making.

2. Describe the Min-Max Scaling technique. Provide an example of how
it is applied to a dataset with varying scales and explain its benefits and
limitations.

3. Discuss the concept of data standardization. How does it differ from
normalization, and why is it crucial for machine learning algorithms?
Provide an example of standardized data.

4. Explain Logarithmic Transformation.

5. Describe categorical data. Compare One-Hot Encoding and Label Encoding
and explain their suitability for different types of categorical variables.
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Unit 4

Data Discretization and Aggregation

Learning Qutcomes

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

¢ familiarise the concept of data discretization

¢ identify different methods of data discretization
¢ explain the importance of data aggregation

¢ list common data aggregation techniques

¢ explain how data discretization and aggregation help in data preprocessing

Prerequisites

In data analysis, managing large amounts of data can be challenging, so techniques
like data discretization and aggregation help simplify and uncover useful insights.
Data discretization converts continuous data into categories, making analysis easier
and improving interpretation in machine learning and statistical models. It helps in
identifying patterns, enhancing data visualization, and making models more efficient.
Discretization is particularly useful when working with algorithms that perform better
with categorical data and can also help reduce the impact of noise in numerical datasets.
Properly chosen discretization methods ensure that important information is retained
while making the data more structured and interpretable. Both techniques are essen-
tial for organizing and analyzing data effectively, leading to clearer insights, improved
accuracy, and more informed business strategies.

Key words

Data Discretization, Aggregation, Binning, Data Summarization, Trend Analysis




Discussion

In data analytics, transforming raw data
into a more manageable and insightful
form is crucial for effective analysis. Two
essential techniques that help achieve this
are data discretization and aggregation.
These methods not only simplify com-
plex datasets but also enhance the abil-
ity to uncover meaningful patterns and
trends, which are vital for informed deci-
sion-making.

2.4.1 Data Discretization

Data discretization involves transforming
continuous data into discrete bins or inter-
vals, which is essential when converting
numerical data into categorical data for
certain types of analysis. For example,
age 1s a continuous variable, but it can be
discretized into categories such as “0-18,”
“19-35,” “36-50,” and “51+”. This simpli-
fication can make patterns more evident
and models easier to interpret.

2.4.1.1 Importance of Data Discret-
ization
1. Simplification: Discretization
reduces the number of possible
values a feature can take, mak-

ing the data easier to manage
and analyze.

Pattern Detection: By catego-
rizing continuous data, trends
and relationships that might not
be apparent in raw data become
easier to identify.

Algorithm Compatibility:
Some machine learning algori-
thms, such as decision trees
and Naive Bayes, perform
better with discrete data.

Improved Interpretability :
Discretized data is often easier
for humans to understand and
interpret, facilitating clearer
communication of insights.

2.4.1.2 Methods for Data
Discretization

There are several strategies for discretiz-
ing data, each with its own advantages and
suitable applications. Here are some of the
most used methods

1. Equal-widthBinning: This
method divides the range of data
into intervals of equal size.

Example: Suppose we have a data-
set of exam scores ranging from 0
to 100. Using equal-width binning,
we can divide the scores into five
bins: 0-20, 21-40, 41-60, 61-80, and
81-100.

Equal - frequency Binning: This
method divides the data into bins
that each contain approximately the
same number of data points.

Example: If we have the same data-
set of exam scores, and we want
to create five bins, each containing
20% of the scores, we might get in-
tervals like 0-50, 51-60, 61-70, 71-
80, and 81-100.

Clustering-based Discretization:
This method uses clustering algo-
rithms like k-means to group data
points into clusters, which then
serve as bins.

Example: If we use k-means clus-
tering on a dataset of customer ages,
the algorithm might create clusters
such as 18-25, 26-35, 36-50, and
51-65.

Manual Binning: In some cases,
domain knowledge can be used to
manually define bins.

Example: For a dataset on income
levels, an analyst might manually
create bins such as “Low Income” (0-
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30k), “Middle Income” (30k-60k),
and “High Income” (60k+).

2.4.2 Data Aggregation

Data Aggregation involves summarizing
and combining data to provide a high-
er-level overview. This technique is par-
ticularly useful in handling large datasets,
where detailed data might be overwhelm-
ing and less informative. Aggregation can
be done by summarizing data based on
specific attributes, such as calculating the
average sales per month or the total sales
per region. For instance, in a retail scenar-
10, daily sales data can be aggregated into
weekly or monthly sales to identify broad-
er trends and patterns. Aggregation helps
in reducing data size, enhancing compu-
tational efficiency, and providing clearer
insights for decision-making.

2.4.2.1 Importance of Data
Aggregation in Data Analytics

Data aggregation plays a crucial role in
data analytics for several reasons:

1. Simplification: It reduces the comp-
lexity of datasets, making them more
manageable and easier to understand.
This simplification is vital for both
analysts and stakeholders who need
to interpret the data.

2. Enhanced Analysis: Aggregated
data allows for more straight forw-
ard analysis, enabling analysts to
identify trends, patterns, and outliers
quickly. This is especially important
when dealing with large volumes of
data.

3. Improved Decision - Making: By
summarizing data into meaning-
ful metrics, aggregation provides
valuable insights that support
better decision - making. For in-
stance, a company can make infor-
med strategic decisions based on

aggregated sales data.

4. Performance Optimization: Aggr-
egated data requires less storage and
processing power, leading to more
efficient data handling and faster
query performance.

2.4.2.2 Methods of Data
Aggregation

1. Sum Aggregation

Sum Aggregation involves adding up the
values in a dataset to obtain a total. For
example, a company might sum its daily
sales figures over a month to determine the
total revenue generated during that period.
This method is useful for understanding
overall performance or consumption.

2. Average Aggregation

Average Aggregation calculates the mean
of a set of values, representing the cen-
tral tendency. For example, to determine
the average temperature over a week, one
would sum the daily temperatures and di-
vide by seven. This method helps in iden-
tifying typical values and comparing dif-
ferent datasets.

3. Count Aggregation

Count Aggregation determines the number
of occurrences of specific values within a
dataset. For example, counting the num-
ber of customer complaints received each
month helps monitor service quality and
identify patterns in customer feedback.

4. Maximum and Minimum Aggrega-
tion

Maximum aggregation identifies the high-
est value, while minimum aggregation
finds the lowest value in a dataset. For ex-
ample, a retailer might track the maximum
and minimum daily sales to understand
peak and low demand periods, helping in
inventory management.
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5. Median Aggregation

Median aggregation determines the mid-
dle value in an ordered dataset, providing
a measure of central tendency that is less
affected by outliers. For example, calcu-
lating the median household income in a
region helps in understanding the income
distribution without skewing from ex-
tremely high or low values.

6. Mode Aggregation

Mode aggregation identifies the most fre-
quently occurring value in a dataset. For

Recap

example, a clothing retailer might find that
a specific size is the most commonly sold,
which can inform inventory decisions and
marketing strategies.

7. Time-Based Aggregation

Time-based aggregation involves sum-
marizing data over specific time inter-
vals, such as hourly, daily, or monthly.
For example, aggregating website traffic
data by day or month helps in identifying
long-term trends and peak usage periods,
aiding in resource planning and marketing
strategies.

¢ Data discretization converts continuous data into categorical bins.

¢ Equal-width binning divides data into intervals of equal size.

¢ Equal-frequency binning creates bins with approximately the same number

of data points.

¢ Clustering-based discretization uses clustering algorithms for binning.

¢ Manual binning uses domain knowledge to define bins.

¢ Aggregation summarizes data to provide a higher-level overview.

¢ Sum aggregation totals up values for overall performance insights.

¢ Average aggregation calculates the mean of values.

¢ Count aggregation tracks occurrences of specific values.

¢ Maximum and minimum aggregation identifies extreme values.

¢ Median and mode aggregation provide central tendency measures.

@,
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Objective Type Questions

What is the process of converting continuous data into categorical bins
called?

Which discretization method divides data into intervals of equal size?

What method divides data into bins with an equal number of data points?

4. What technique uses clustering algorithms to group data points for

discretization?

5. What method uses domain knowledge to manually define data bins?

Which discretization method simplifies complex numerical data into
categories?

What aggregation method involves totalling up values to understand overall
performance?

8. What method calculates the mean of a set of values?

What aggregation technique tracks the number of occurrences of specific
values?

10. What aggregation method identifies the highest value in a dataset?

Answers to Objective Type Questions

59 20 S ONERA SRS

Discretization
Equal width
Equal frequency
Clustering
Manual

Binning

Sum

Average

Count

10. Maximum

Assignments

1.

Explain the concept of data discretization and describe its importance in data
analysis. Provide examples of different discretization methods and discuss
their applications.
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2. Compare and contrast equal-width binning and equal-frequency binning
techniques for data discretization. Discuss the advantages and limitations of
each method with practical examples.

3. Discuss the role of data aggregation in simplifying complex datasets. Provide
examples of various aggregation methods, such as sum, average, and count,
and explain how each can be applied to real-world data scenarios.

4. Describe the process of clustering-based discretization. Explain how
clustering algorithms like k-means can be used to discretize data and provide
an example of how this technique might be applied in a practical situation.

5. Examine the impact of manual binning in data discretization. Discuss
how domain knowledge can influence the binning process and provide an
example of a situation where manual binning would be advantageous over
automated methods.
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Unit 1

Importance of feature engineering,
Creating new features

Learning OQutcomes

After completing this section, learners will be able to:
¢ define feature engineering.
¢ list the benefits of feature engineering in machine learning.
¢ identify different techniques used for creating new features.

¢ recognize the impact of feature engineering on model performance.

Prerequisites

Feature engineering is an essential step in building effective machine learning models.
It involves selecting, transforming, and creating new features from raw data to improve
model performance. Just like a chef carefully chooses and refines ingredients to create
a delicious dish, data scientists refine data features to make machine learning models
more accurate and interpretable. Even the most advanced algorithms cannot perform
well without meaningful and well structured features.

In this section, you will learn how feature engineering helps uncover hidden patterns
in data, simplifies models, and enhances their robustness. By understanding various
feature engineering techniques, you will see how data can be transformed into a more
useful format for machine learning. Through real world examples, you will explore how
different fields, from healthcare to finance, leverage feature engineering to improve
predictions and insights. Let’s begin our journey into the art and science of feature
engineering!

Key words

Feature Engineering, Machine Learning, Data Transformation, Model Performance,
Domain Knowledge




Discussion
3.1.1 Introduction

Feature engineering plays one of the most
important roles in a Data science pro-
cess. Feature Engineering is using domain
knowledge of the data to create features
that make Machine Learning algorithms
work. Let us compare it to how you would
change the quality of ingredients in a rec-
ipe. Like a chef refines flavors to achieve
that perfect dish, data scientists refine fea-
tures for an improved model. Even the
most powerful algorithms will fail without
good features.

Why is this so critical? Features are essen-
tially the building blocks of any model.
They contain information about the model
to make predictions. You can put the most
advanced algorithm in use, but if your
features are badly selected or poorly con-
structed then our model won’t work well.
Conversely, properly designed features
can result in more straightforward and ac-
curate models.

Feature engineering is not just a transfor-
mation of raw data but the extraction of
learning/understanding patterns and re-
lationships that are inherent within those

specific features. This needs a solid under-
standing of the data and its domain. The
idea is to be able to control the data that
enters a model, and this gives us an oppor-
tunity to present certain characteristics of
interest without introducing noise.

Feature engineering is a method in ma-
chine learning that modifies data to create
useful features for a specific task. It in-
cludes:

1. Analyzing data and fixing err-
ors like missing or incorrect
values.

2. Removing variables that do not
affect the model.

3. Eliminating duplicates, handl-
ing related records, and norma-
lizing data when needed.

This approach works for both supervised
and unsupervised learning. By refining
data and reducing unnecessary variables,
it improves model accuracy and efficiency
without needing a larger dataset.

For example, let’s say that we are working
on a house price prediction model. Here
the features could be anything such as

Fig 3.1.1 Feature Engineering
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number of bedrooms, lot size or the year
house was built. However that may not be
sufficient. You can also derive new fea-
tures, such as the age of the house, price
per square foot or even proximity to near-
est school and provide these more descrip-
tive inputs to model. These new fields can
capture details that raw data might miss.

Feature Engineering is also an iterative
process. It requires iteration and optimi-
zation. You generate new features, in-
spect and test them along with evaluation
of what they do to the model. The most
powerful features are sometimes hidden
and require a creative way around them,
though they edge on total domain exper-
tise.

Feature engineering is where data sci-
ence moves beyond just writing code with
numbers and becomes more of an art. It
relies on a data scientist’s understanding
and creativity to extract the most value
from data. It serves as a bridge between
raw data and effective machine learning
models, making it essential for the success
of machine learning in practice.

3.1.2 Importance of Feature
Engineering

The performance of a model is all about
feature engineering. It is like a chef pre-
pares something using utensils. The ingre-
dients are the features. Even the best chef

in the world cannot do wonders if not sup-
plied with high standard ingredients.

Crafting features that represent the under-
lying patterns in the data will make your
model closer to what you want, and there-
fore improve its accuracy. Additionally,
raw data may not always provide clear
guidance on its own. For instance, raw fea-
tures such as house size in a housing price
prediction model may not be informative
but features which are derived from the
original data might hold information like
price per square feet.

A model with fewer but better features is
easier to understand. Good features help
show relationships in a simple way in-
stead of relying on complex algorithms.
This not only makes training faster but
also makes the model easier to interpret.
This leads to a few benefits, including the
following.

1. Increases Model Accuracy: We can
improve model accuracy by creating new
features that reveal hidden patterns in the
data. Sometimes, important insights are
not directly visible in raw data. For ex-
ample, in a housing price prediction mod-
el, the size of a house alone may be less
useful than a derived feature like cost per
square foot.

2. Simplifies Models: Good features make
models simpler by highlighting patterns
in the data, reducing the need for com-

Machine Learning Operations

Feature
Engineering

Model
evaluation and
Verification

Fig 3.1.2 Relevance of Feature Engineering
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plex algorithms. Well engineered features
make relationships with the target clearer,
especially for linear models. This speeds
up training and makes the model easier to
understand.

3. Increases Model Robustness: Feature
engineering captures important patterns
in data, improving model performance on
new datasets. This helps models handle
real world data effectively. A well engi-
neered model generalizes better and re-
mains reliable for unseen cases.

3.1.3 Creating New Features

Creating new features is both an art and
a science, requiring reasoning and do-
main knowledge. It involves converting
raw data into useful features that improve
machine learning models. Well-designed
features enhance accuracy, simplify the
model, and improve interpretability. Dif-
ferent strategies can be used based on the
dataset’s nature.

One common approach is using mathe-
matical operations to modify existing
features. For example, applying a loga-
rithmic transformation to a highly skewed
variable can normalize its distribution,
making it more suitable for modeling. An-
other technique is feature combination,
where multiple existing features are com-
bined to create a more informative vari-
able. In e-commerce, analyzing both cart
value and the number of items purchased
may reveal better insights into customer
purchasing behavior.

Time-based features are very useful for
time series data. Extracting details like
the day of the week, month, or time since
the last event helps models find patterns in
seasonal or repeating trends. Experts can
also create domain-specific features. For
example, in healthcare, the ratio of certain
blood test results may give more useful in-
formation than individual test values.
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Another method is creating interaction
features, which capture relationships be-
tween two features. For example, in busi-
ness, comparing the number of salespeo-
ple to the marketing budget can show how
well resources are used. These techniques
help models understand data better and
perform well on new data, making feature
engineering an important step in data sci-
ence.

Using raw or incomplete data without
feature engineering leads to failure in ap-
plied machine learning. The key is turn-
ing raw data into useful insights to build
models that generalize better. Creating
new features requires creativity, domain
knowledge, and a deep understanding of
the data. Feature engineering helps unlock
a model’s full potential, leading to more
accurate and reliable results.

3.1.4 Steps involved in Feature
Engineering

1. Data Preparation

The first step in feature engineering is pre-
paring raw data collected from different
sources. This involves cleaning the data
by handling missing or incorrect values,
merging datasets, and transforming them
into a structured format. Data ingestion
and loading are also performed to ensure
the dataset is ready for further processing.

2. Exploratory Data Analysis (EDA)

EDA helps in understanding the dataset
by using descriptive statistics and visual-
izations. It involves identifying patterns,
trends, and relationships between vari-
ables. Correlated or redundant features are
detected and cleaned to avoid duplication
and improve model efficiency.

3. Feature Improvement

This step involves refining the dataset to
enhance model performance. Techniques
such as filling missing values, normal-
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izing, scaling, and transforming data are
applied. Dummy variables may also be
created to represent categorical data nu-
merically, making it easier for machine
learning models to process.

4. Feature Construction

New features are created to improve the
predictive power of a model. This can be
done manually using domain knowledge
or automatically through algorithms like
PCA, t-SNE, and MDS. In fields like
computer vision, convolution matrices are
used to generate meaningful features from
image data.

5. Feature Selection

To improve model efficiency, unneces-
sary features are removed while retaining
the most relevant ones. Methods like fil-
ter-based selection (using statistical tests),
wrapper-based selection (training models
with different feature combinations), and
hybrid techniques (a mix of both) help
in selecting the best features for accurate
predictions.

3.1.5 Feature Engineering
Methods

Feature engineering helps improve data

for machine learning by making it more
useful. Below are some important meth-
ods used in feature engineering.

1. Imputation (Handling Missing Data):
There may be instances where data may
have missing values due to mistakes or
gaps in collection. If too much data is
missing, we might remove those records.
Another way is to replace missing values
with the average (mean), middle value
(median), or most common value (mode).
In some cases, we can guess the missing
value using other available data.

2. Outlier Handling (Fixing Extreme
Values): Outliers are values that are very
different from the rest of the data. These
extreme values can confuse a machine
learning model. We can either remove
them or adjust them to make the data more
accurate. Methods like visualization and
statistical analysis help in detecting outli-
ers.

3. One-Hot Encoding (Converting Cat-
egorical Data):Some data is in text form,
such as colors (red, blue, green) or cat-
egories (male, female). Since machine
learning works with numbers, we convert
these into binary values (0s and 1s). For

Feature Engineering Methods

Imputation

|
Cutlier
Handling

Cne-hot
Encoding

Log
Transformation

Scaling

Fig 3.1.3 Feature Engineering Methods
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example, a “Male” category can be 1, and
“Female” can be 0. This process is called
one-hot encoding and helps the model un-
derstand categorical information.

4. Log Transformation (Smoothing Ske-
wed Data): Sometimes, data values are
not evenly spread, which can affect mod-
el accuracy. Log transformation reduc-
es the effect of large values by changing
numbers into their logarithmic form. This
helps make data more balanced and easier
to analyze.

5. Scaling (Making Data Comparable):
Different features in data can have differ-
ent ranges. For example, one column may
have values from 1 to 10, while another
may have values from 1,000 to 10,000.
Scaling helps bring all values to a similar
range so that one feature does not dom-
inate the model. Methods like min-max
scaling and standardization are used to
achieve this balance.

These techniques help prepare data so that
machine learning models can learn better

and make more accurate predictions.

3.1.6 Examples of Feature
Engineering
1. Improving Model Accuracy

Consider a model designed to predict
house prices. Initially, you might include
features such as the number of bedrooms,
area in square footage, and the year the
house was built. However, by engineer-
ing additional features like the age of the
house, price per square foot, and distance
to nearby amenities (such as schools or
parks) the model’s performance can be
significantly enhanced. These engineered
features capture subtle factors that truly
influence house prices, leading to more
precise predictions.

2. Simplifying Complex Models

Assume developing a model to predict
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customer churn for a telecom company.
The raw data might include numerous
variables such as call duration, number of
complaints, and monthly charges. Instead
of using all these raw features directly,
you can create a composite feature that
reflects overall customer satisfaction. This
approach not only simplifies the model but
also makes it easier to interpret and train.

3. Enhancing Robustness to New Data

In the case of a credit card fraud predic-
tion model, the initial implementation
might use raw transaction data. By intro-
ducing new features such as transaction
frequency, average transaction amount, or
geographic patterns the model becomes
more robust. These additional features
help the model adapt to changing patterns
of fraudulent behavior, increasing its reli-
ability and effectiveness in real world ap-
plications.

4. Leveraging Domain Knowledge

For a medical diagnosis model, raw fea-
tures may include various test results and
patient demographics. By applying do-
main knowledge, you can engineer fea-
tures such as interaction terms between
different test results or risk scores based
on established medical guidelines. These
features highlight important health indica-
tors that might be overlooked in the raw
data, ultimately leading to improved diag-
nostic accuracy.

5. Capturing Temporal Dynamics

In time series forecasting, such as predict-
ing stock prices, the raw data might con-
sist of daily prices and trading volumes.
By engineering features like moving aver-
ages, volatility indices, and lagged values,
the model is better equipped to capture
temporal patterns. These features allow
the model to learn from historical trends
and improve its accuracy in predicting fu-

ture prices.
W




Feature engineering is a key component
of all successful machine learning proj-
ects. It fills in the gaps between raw data
and actionable insights, which allows your
models to perform better. Feature creation
requires a unique imagination, domain

ture engineering is the magic bridge that
transforms us from being beggars using
models out of the box with meager results
into kings and queens, unlocking high ac-
curacy / robustness as well as telltale ca-
pabilities.

expertise along with data insights. Fea-

Recap

¢ Transforms raw data into meaningful features for better machine learning
models.

¢ Like a chef refining ingredients, well engineered features enhance model
performance.

¢ Poor features weaken even the best algorithms; good features improve
accuracy and efficiency.

Benefits of Feature Engineering
¢ Increases Accuracy: Captures hidden patterns for better predictions.
¢ Simplifies Models: Reduces complexity, making models easier to interpret.
¢ Enhances Robustness: Helps models generalize well to new data.
Techniques for Creating Features

¢ Mathematical Transformations: Normalizing skewed data (e.g., logarithmic
transformation).

¢ Feature Combinations: Merging existing variables for better insights.

¢ Time-Based Features: Extracting trends from temporal data.

¢ Interaction Features: Capturing relationships between variables.
Examples

¢ House Price Prediction: Adding price per square foot and house age improves
accuracy.

¢ Customer Churn Model: Creating a satisfaction index simplifies interpretation.
¢ Fraud Detection: Using transaction patterns enhances fraud identification.
¢ Medical Diagnosis: Engineering risk scores improves predictions.

¢ Stock Price Forecasting: Incorporating moving averages captures trends.
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Summary of Feature engineering
¢ Feature engineering bridges raw data and effective models.
¢ Requires creativity, domain expertise, and deep data understanding.

¢ Unlocks the full potential of machine learning models.

Objective Type Questions

1. What is the process of creating meaningful inputs for machine learning
models from raw data called?

2. Which process involves identifying patterns using graphs and descriptive
statistics?

3. What kind of variable transformation is used to handle skewed distributions?

4. Which technique is used to handle missing values by replacing them with
mean, median, or mode?

What type of data does one-hot encoding primarily transform?
What do we call values that differ significantly from most of the dataset?

Which transformation brings features to a similar range using min-max
scaling or standardization?

8. What term describes the combination of features to make more informative
variables?

9. What approach uses prior knowledge of the field to create new features?

10. What type of data feature can be created from timestamps in time series
data?

11. Which process reduces dimensionality using techniques like PCA?
12. What do we call models that perform well on unseen datasets?

13. What type of features are derived using mathematical or logical relationships
between existing features?

14. What is the first step in the feature engineering process?

15. What term refers to features that capture the relation between two or more
variables?
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Answers to Objective Type Questions

FeatureEngineering
EDA
LogTransformation
Imputation
Categorical
Outliers

Scaling

FeatureCombination

O O -

DomainKnowledge

=
S

. TimeFeatures

—
—_

. DimensionalityReduction
. Robust

. Interaction

—_— = =
B~ W N

. DataPreparation

[S—
W

. InteractionFeatures

Assignments

1. Explain the role of feature engineering in machine learning. Why is it
important for model performance?

2. Describe different techniques used in feature engineering with examples.

How can feature engineering improve model accuracy, robustness, and
interpretability? Illustrate with real-world scenarios.

4. Discuss the iterative nature of feature engineering. Why is testing and
optimization necessary?

5. Create a feature engineering strategy for a house price prediction model. List
raw features and suggest derived features that could improve predictions.
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Unit 2

Data Summarization and Anomalies

Learning OQutcomes

After completing this section, learners will be able to:

¢ define data summarization and anomalies.

¢ list common data summarization methods.

¢ identify types of anomalies in datasets.

¢ recognize the role of summarization in data analysis.

¢ recall techniques for anomaly detection.

Prerequisites

Consider how we make sense of large amounts of information in daily life. When
reviewing exam scores from different subjects, instead of looking at each score
separately, calculating the average gives a quick understanding of overall performance.
This process of simplifying large sets of information into meaningful summaries is
similar to what happens in data science. Measures like mean, median, and standard
deviation help summarize data and make it easier to analyze.

Now, think about a situation where one of the scores is much higher or lower than the
rest, maybe due to a mistake in grading or an unusual test question. This score stands
out because it does not follow the usual pattern. In data science, such unusual values are
called anomalies. Identifying an incorrect test score helps in getting a fair evaluation,
just as detecting anomalies in data improves accuracy in decision making. Understand-
ing data summarization and anomalies helps data scientists uncover patterns, detect
errors, and make reliable predictions.

Key words

Summarization, Outliers, Aggregation, Anomaly Detection, Statistical Measures,
Data Patterns, Normalization




Discussion

3.2.1 Data summarization and
anomalies

Summarisation of data and identification
of anomalies play a major role in the anal-
ysis, this is the cornerstone to changing
datasets into informative insights. Most
data operations are accompanied with
summarisation where complex variables
are made easy to understand by summa-
ry; these can be descriptive statistics, plot-
ting and aggregation. Summarising the
dimensions of a dataset is very useful for
visualisation tasks because it reduces di-
mensionality. These strategies facilitate in
unravelling the sort of critical behaviour,
developments and associations which can
hardly be extracted from basic data.

Visualization: For example, visual tools
like charts and graphs can expose trends
that are hard to detect in raw data or ag-
gregation may compress the data for im-
portant metrics helping you with smarter
decision making.

Anomaly detection discovers the data
points that are vastly different from most
of the typical data, such can be used to
share problems, frauds or new insights.
The classes of anomalies are point, con-
textual and collective anomalies with their
own methods for detection. These anom-
alies can be identified through statistical
methods, machine learning algorithms or
visual inspection. It is of high importance
to identify them since they may indicate
more serious problems or a new way of
data analysis. Anomaly detection, for in-
stance in finance can help with fraud pre-
vention by recognizing unusual transac-
tion patterns and in healthcare identifying
uncommon activity within patient data
signals potential prediction of a condition.

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics

3.2.1.1 Data Summarisation

Data summarization refers to the process
of simplifying complex datasets into more
understandable forms. This approach
helps in identifying overall patterns and
trends without focusing on intricate de-
tails.

1. Descriptive Statistics

Descriptive statistics play a fundamental
role in summarizing data by providing key
insights into a dataset. These include mea-
sures such as mean, median, mode, range,
and standard deviation, which describe
central tendency and variability.

Data summarization in data mining is ap-
plied in three areas: centrality, dispersion,
and distribution. These help in under-
standing the overall structure of a dataset.

¢ Centrality describes the middle
value of data. It is measured
using the mean, median, and
mode. The mean is the average
of all values, the median is the
middle value when arranged in
order, and the mode is the most
frequently occurring value.
The choice of measure depends
on the dataset’s shape.

¢ Dispersion refers to how spre-
ad out the values are. Standard
deviation shows how close
values are to the mean, variance
measures how tightly or loosely
values cluster around the mean,
and range indicates the diffe-
rence between the highest and
lowest values. A dataset with
closely packed values has low
dispersion, while widely spread
values indicate high dispersion.

¢ Distribution describes how
data values are arranged. Gra-
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phical methods like histo-
grams and tally plots help
visualize the distribution. Ske-
wness measures if values are
concentrated more on one side
of the mean, while kurtosis
shows whether the distribution
is sharply peaked or more flat.
Understanding distribution
helps in choosing the right
statistical approach for data
analysis.

For example, in analyzing a retail store’s
sales data, knowing the average daily
sales, the minimum and maximum sales
recorded in a day, and the extent of varia-
tion between daily sales can offer valuable
insights into the store’s performance.

3.2.1.2 Data Visualisation

Another useful tool for data summariza-
tion is visualization. Charts and graphs
help reveal trends and patterns that may
not be obvious in raw data. For exam-
ple, imagine a store tracking its monthly
sales. A line graph can quickly show if
sales peak during festive seasons and drop
in off-months. By simply glancing at the
graph, the store manager can identify the
best and worst months for sales. Different
types of data require different visual rep-
resentations. Bar charts, pie charts, and
histograms each provide unique insights
depending on the dataset and the analysis
needed.

3.2.1.3 Aggregating Data

Data is aggregated to summarise data
points. Data is summarised by summing
sales once a quarter, averaging test scores
by class or counting incidents by region.
Aggregating data reduces the dataset sig-
nificantly and focuses on what matters
most. For example, summarising sales
data on a daily basis should be aggregated
at the end of the month to give a general
view that will inform decision making.
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3.2.1.4 Dimensionality Reduction

Dimensionality reduction helps simplify
complex datasets by reducing the num-
ber of features while retaining essential
patterns. Large datasets often have many
overlapping or less relevant variables,
making analysis difficult. Techniques like
Principal Component Analysis (PCA) and
t-Distributed Stochastic Neighbor Embed-
ding (t-SNE) extract the most important
features without losing key information.
For example, if a dataset has thousands
of attributes, PCA identifies the few that
contribute most to variations in the data.
This allows for faster processing, easier
visualization, and better decision-making
without unnecessary complexity.

3.2.2 Data summarization
Examples

Data summarization is the process of re-
ducing large datasets into smaller, more
understandable forms. Here are five ex-
amples:

3.2.2.1 Summarizing Sales Data

Sales data consists of daily figures from
multiple stores across different product
categories. To make this data useful, key
metrics such as total sales, average sales
per product, and best-selling items are
calculated. Identifying the store with the
highest sales and analyzing trends over
time helps businesses understand perfor-
mance fluctuations. Visualizing this in-
formation through bar charts, line graphs,
and pie charts makes it easier to spot pat-
terns, such as seasonal demand shifts or
underperforming products, aiding better
decision-making.

3.2.2.2 Summarizing Customer
Demographic Data

Customer demographic data includes de-
tails such as age, gender, location, income,
and purchase history. Summarizing this
information helps businesses understand
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their customer base by calculating aver-
age age, gender distribution, and income
brackets. Identifying common locations
and segmenting customers based on pur-
chasing behavior allows for targeted mar-
keting strategies. Customer profiles can be
created to tailor products and promotions
to specific groups, ultimately improving
engagement and sales.

3.2.2.3 Summarizing Financial
Data

Financial data often consists of stock pric-
es, trading volumes, and key financial ra-
tios. To extract meaningful insights, calcu-
lations such as average stock price, price
volatility, and trends in trading volume are
performed. Important financial metrics
like the price-to-earnings (P/E) ratio and
return on equity (ROE) provide a deeper
understanding of a company’s financial
health. Significant price movements can
be identified to detect market trends. Line
charts and candlestick charts help visual-
ize these patterns, making financial analy-
sis more accessible.

3.2.2.4 Summarizing Survey
Data

Survey data captures customer feedback
on various aspects such as product quality,
customer service, and overall satisfaction.
Summarizing this data involves calculat-
ing average satistaction scores and iden-
tifying areas where customers are highly
satisfied or dissatisfied. Text mining tech-
niques can analyze open-ended responses
to uncover recurring themes in feedback.
Visualization tools like bar charts and
pie charts make it easier to interpret the
results, helping businesses improve their
offerings based on customer insights.

3.2.2.5 Summarizing Website
Traffic Data

Website traffic data includes key metrics
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such as page views, time spent on site,
bounce rate, and visitor demographics.
Summarizing this data helps business-
es measure user engagement by tracking
total page views and average time spent
on the site. Identifying popular pages and
analyzing bounce rates provides insights
into content effectiveness. Understanding
visitor demographics and trends over time
enables businesses to optimize their dig-
ital presence. Line charts and heat maps
can be used to visualize traffic flow, help-
ing improve website performance and
user experience.

The way an elevator displays information
is a good example of data summarization.
When a person enters the elevator and se-
lects a floor, they see only the necessary
details, such as their current location and
direction. The system does not show un-
necessary information like the number of
floors above or below their destination
because it is redundant and unhelpful.
Instead, the display focuses on relevant
details, such as how many floors remain
until the destination, providing a clear and
efficient summary. Outside the elevator,
similar simplified displays, such as floor
indicators, help passengers without over-
whelming them with extra details. This
approach ensures that only meaningful
data is presented, making navigation easi-
er and more intuitive.

3.2.3 Summarizing Customer
Demographic Data

3.2.3.1 Scenario: E-commerce
Clothing Retailer

An online clothing retailer collects a vast
amount of customer data, including demo-
graphics, location, and purchase history.
To make sense of this data, summarization
techniques help identify key trends. For in-
stance, calculating the average age of cus-
tomers can reveal the primary target audi-
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ence, while gender distribution highlights
shopping preferences. Location-based
summaries help understand which cities
or regions generate the most sales, aiding
in targeted marketing. Analyzing income
levels allows segmentation of customers
into budget, mid-range, and premium buy-
ers. Purchase history summaries, such as
the most frequently bought items, average
spending per customer, and seasonal buy-
ing trends, provide valuable insights into
consumer behavior. Visual tools like bar
charts for top-selling products and heat
maps for regional sales help retailers make
data-driven decisions, optimize inventory,
and enhance customer experience.

3.2.3.2 Data Summarization
Process

Data summarization in an e-commerce
clothing store involves organizing and an-
alyzing customer information to extract
useful insights.

1. Descriptive Statistics help in under-
standing the overall customer profile. By
calculating the average age, median in-
come, and gender distribution, the retailer
can identify key demographics. Determin-
ing the most common customer locations
and preferred product categories allows
for targeted marketing and inventory plan-
ning.

2. Customer Segmentation groups sho-
ppers based on shared characteristics.
Customers can be categorized by age
groups like Gen Z, Millennials, and Baby
Boomers, or by income levels such as
high, medium, and low. These segments
help create customer personas that predict
preferences and shopping habits, enabling
personalized marketing strategies.

3. Purchase Behavior Analysis examines
how customers shop. Calculating the aver-
age purchase value per customer, purchase
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frequency, and customer lifetime value
(CLTV) helps in recognizing high-value
shoppers. Analyzing which products are
often bought together can improve recom-
mendations and bundling strategies.

4. Geographic Analysis focuses on where
customers are located. Mapping customer
locations can highlight areas with high de-
mand, aiding in targeted advertising. Re-
gional sales performance can also uncover
new market opportunities for expansion or
localized promotions.

5. Data Visualization transforms raw data
into clear insights. Charts and graphs, such
as age distribution histograms, income
level box plots, and geographic heatmaps,
make patterns easier to interpret. A cus-
tomer segmentation pie chart, for exam-
ple, provides a quick overview of different
customer groups, helping businesses make
data-driven decisions efficiently.

3.2.3.3 Product Category Sales
Bar Chart

A product category sales bar chart
shows which types of products sell the
most. It helps businesses understand what
customers like and make smart decisions.

¢ Better Ads: Stores can focus
ads on popular products. If
winter jackets sell more in
December, ads can highlight
them.

¢ Stock Planning: Shops can
keep bestsellers in stock and
avoid buying too many slow-
selling items.

¢ Smart Suggestions: Websites
can suggest items based on
what people buy most.

¢ Customer Rewards: Stores
can give discounts or points on
popular items to keep custo-
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mers coming back. ¢ Rank product -categories:

) Sort the summary table by total
¢ Website Improvements: Best sales in descending Order to

Selling products can be easier identify top performers.
to find, so shoppers buy faster.
C. Customer Purchasing Behaviour by

Problem Age
A retail company has collected sales data
for the past year, including product cate-
gory, sales amount, customer age, and pur-
chase date. They want to understand over-

¢ Create age groups: Divide
customers into age groups (e.g.,
18-24, 25-34, 35-44, etc.).

all sales performance, identify top-selling ¢ Calculate average purchase
product categories, and analyse customer amount per age group: Find
purchasing behaviour based on age. the average “Sales Amount”

for each age group.
Table 3.2.1 Sales data

Product Category | Sales Amount | Customer Age | Purchase Date
Electronics 1500 25 2023-01-15
Apparel 800 32 2023-02-10
Electronics 2200 45 2023-03-05
3.2.3.4 Solution process ¢ Identify popular product

categories per age group:
Analyse product categories
with the highest sales within
each age group.

A. Overall Sales Performance

¢ Calculate total sales: Sum the
“Sales Amount” column to find

the total revenue generated. D. Visualization

¢ Calculate average sales per
day: Divide total sales by the
number of days in the dataset.

¢ Use bar charts: To compare
total sales by product category
and sales by age group.

¢ Identify peak sales periods:
Analyse sales by month or
quarter to find periods with

¢ Use line charts: To visualize
sales trends over time.

highest sales. ¢ Create a histogram: To show
B. Top-Selling Product Categories i:gees distribution of - customer
¢ Group data by product cate- E. Insights
gory: Create a summary table
with product categories and ¢ Total sales for the year were
their corresponding total sales. $X.
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¢ Average daily sales were $Y.

¢ Peak sales occurred in [month/
quarter].

¢ Electronics is the top-selling
product category.

¢ Customers aged 25-34 have
the highest average purchase
amount.

¢ Popular product categories for
young customers (18-24) are
[categories].

By summarizing the data in this way, the
retail company can gain valuable insights
into their sales performance, customer
preferences, and identify areas for im-
provement.

3.2.4 Anomalies

Anomalies in data, or so called outliers,
are data points that differ significantly
from the others in a dataset. There are
several reasons why these deviations can
occur: measurement or data entry errors,
as well as genuine but rare events. These
anomalies play an essential role in data
analysis since they may provide valuable
information based on which conclusions
can be drawn, or conversely, may demon-
strate that there is something wrong with
the data. There are three general types of
anomalies: point anomalies, contextu-
al anomalies, and collective anomalies.
Point anomalies happen when one data
point is significantly different from all oth-
ers. Contextual anomalies are data points
that are abnormal in a certain context but
not in others, e.g., if in winter, a 30 degree
rise in temperature occurred. Collective
anomalies are a group of data points that
deviate all together from the ordinary pat-
tern of data, e.g., if in all regions of sales,
there occurred a sudden decrease.

Anomalies need to be detected for sever-
al reasons: they may influence the results
of data analysis, and if not identified, may

@,

lead to the wrong conclusion being made.
For example, in financial transactions,
anomalies may be an indicator of fraudu-
lent activities, and in networking, they in-
dicate a security breach. There are multi-
ple methods to detect anomalies, including
but not limited to statistical approaches,
machine learning algorithms, and visual-
ization. After having detected, the cause
of the anomalies needs to be established,
i.e., whether they are errors and need cor-
rection or genuine but rare events making
it necessary to analyze the data further.
Managing anomalies properly leads to ac-
curate and reliable data and more sound
conclusions based on proper evidence.
For a wide range of applications, detecting
anomalies is highly important to maintain
good quality of data and preserve the in-
tegrity of business processes. As men-
tioned in the previous commentary, in the
finance sector, anomalies help to identify
transaction patterns that can later be prov-
en fraudulent. In healthcare, identifying
differences in patient data from estab-
lished patterns can help diagnose a patient
earlier, saving their life and ensuring bet-
ter outcomes. On a broader scale, this is
important for virtually every type of data
if a business, organization, or institution
knows what type of anomalies they are
looking for, they have a better chance at
detecting fraud, system failure, or trans-
fer of data for novel uses. Thus, detecting
anomalies is important for the finance,
healthcare, and other sectors to swiftly re-
act to unusual or otherwise unseen events
and prevent early, significant loss.

3.2.5 Example of Anomaly
Detection: Credit Card Fraud

A credit card company wants to detect
fraudulent transactions to protect its cus-
tomers and minimize financial losses.

3.2.5.1 Data

The company collects data on every trans-
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action, including:
¢ Transaction amount
¢ Transaction location
¢ Time of transaction

¢ Customer information (age,
location, spending habits)

¢ Merchant information

3.2.5.2 Anomaly

A fraudulent transaction might exhibit one
or more of the following anomalies:

¢ Unusual transaction amount:
A significantly larger or smaller
purchase than the customer’s
typical spending pattern.

¢ Uncommon transaction loca-
tion: A transaction from a
location far from the customer’s
usual residence or recent travel
history.

¢ Suspicious transaction time:
A transaction occurring outside
of the customer’s typical
spending hours (e.g., a late
night purchase from a foreign
country).

¢ Inconsistent spending beha-
vior: A sudden change in spen-
ding patterns, such as multiple
purchases from different mer-
chants within a short period.

3.2.5.3 Anomaly Detection

The credit card company can employ vari-
ous anomaly detection techniques:

¢ Statistical methods: Calculate
statistical measures like mean,
standard deviation, and z scores
for transaction amounts and
compare them to individual
transactions.

¢ Machine learning: Train mod-

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics

els on historical transaction
data to identify patterns and
flag deviations.

¢ Rule-based systems: Define
specific rules (e.g., transaction
amount exceeding a certain
threshold) to trigger alerts.

3.2.5.4 Example

A customer usually spends around $100
per day on average. Suddenly, a $5,000
transaction is made from a country the
customer has never visited. This transac-
tion would be flagged as an anomaly due
to the unusual transaction amount and lo-
cation.

3.2.6 Benefits of Anomaly
Detection

¢ Fraud prevention: Protects
customers from financial loss.

¢ Revenue protection: Prevents
chargebacks and revenue loss
for the credit card / debit card
company.

¢ Enhanced customer trust:
Builds customer confidence in
the security of their accounts.

By effectively detecting and preventing
fraudulent transactions, credit card com-
panies can safeguard their customers and
maintain a strong reputation.

3.2.7 Statistical Tests for
Anomaly Detection

Anomaly detection, also known as outli-
er detection, is the identification of items,
events, or observations that deviate signifi-
cantly from the norm. Statistical methods
are fundamental to this process, providing
a quantitative framework for identifying
anomalies.

Statistical tests assess whether a data point
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is significantly different from the rest of
the dataset. Common methods include:

Z-Score

Definition: A z score measures
how many standard deviations a
data point is from the mean of the
distribution.

¢

Calculation:

Calculate the mean (average) of
the dataset.

Calculate the standard deviation
of the dataset.

For each data point:

¢ Subtract the mean from the
data point.

¢ Divide the result by the stan-
dard deviation.

¢ Anomaly Detection: Data points
with a z score greater than a
predefined threshold (often 3) are
considered outliers.

Example: In a dataset of daily tempera-
tures, a temperature that is 3 standard de-
viations above the average daily tempera-
ture for a region would be considered an
anomaly.

3.2.8 Interquartile Range
(IQR) Method

Definition: The IQR is the range
between the first quartile (25th
percentile) and the third quartile
(75th percentile) of a dataset.

*

Calculation:

¢ Calculate the first quartile
(Q1) and third quartile (Q3) of

the dataset.
¢ Calculate the IQR (Q3 - Q1).

Anomaly Detection: Data points

below Q1 - 1.5IQR or above Q3
+ 1.5IQR are considered outliers.

Example: In a dataset of house prices, a
house price significantly below the lower
fence (QI - 1.5IQR) or above the upper
fence (Q3 + 1.5IQR) might be an outlier.

3.2.9 Limitations of Statistical
Methods

¢ Assumptions: These methods oft-
en assume a normal distribution
of data. Outliers can affect the
calculation of mean and standard
deviation, leading to inaccurate
results.

Sensitivity to outliers: Extreme
outliers can significantly influence
the z-score and IQR calculations,
making it difficult to detect other
anomalies.

Ineffective for complex data:
Statistical methods might not be
suitable for high-dimensional or
complex datasets with multiple
variables.

Statistical methods provide a foundational
approach to anomaly detection. However,
they are often used in conjunction with
other techniques, such as machine learn-
ing, to address the limitations of statistical
methods and improve overall anomaly de-
tection performance.

3.2.10 Machine Learning
Methods for Anomaly
Detection

Anomaly detection, the process of identi-
fying data points that deviate significantly
from the norm, is a critical task in vari-
ous domains, such as fraud detection, net-
work intrusion detection, and healthcare.
Machine learning offers powerful tools to
tackle this challenge.
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3.2.10.1 Unsupervised Anomaly

Detection

Unsupervised methods assume that anom-
alies are rare and different from normal

data points.
Clustering-Based Methods:

¢ DBSCAN (Density-Based

Spatial Clustering of Applica-
tions with Noise): Identifies clus-
ters of high density and labels
points outside clusters as anoma-
lies.

K-Means: Divides data into clus-
ters and points far from any cluster
center are considered anomalies.

Statistical Methods:

¢ One Class Support Vector

Machines (OCSVM): Defines
a boundary around normal data
points and points outside are
anomalies.

Isolation Forest: Randomly par-
titions data into subspaces and
calculates the average number of
splits required to isolate a data
point. Anomalies require fewer
splits.

Density Based Methods:

¢ Local Outlier Factor (LOF):

Measures the local density devia-
tion of a data point with respect to
its neighbours. Points with signifi-
cantly lower density than their
neighbours are outliers.

3.2.10.2 Supervised Anomaly

Detection

Supervised methods require labeled data
with both normal and anomalous instanc-
es.

Classification-Based Methods:

¢ Support Vector  Machines
(SVM): Can be used for both
binary and multi class anomaly
detection.

¢ Decision Trees and Random
Forests: Can be used for classi-
fication-based anomaly detection.

¢ Neural Networks: Can be used
for complex anomaly detection
tasks.

3.2.10.3 Semi-Supervised
Anomaly Detection

Combines elements of both supervised
and unsupervised methods.

¢ One-Class SVM with labeled
anomalies: Uses labeled anoma-
lies to 1mprove the decision
boundary.

3.2.11 Challenges and
Considerations

¢ Data imbalance: Anomalies
are often rare, leading to
imbalanced datasets.

¢ Defining anomalies: Clearly
defining what constitutes an
anomaly is crucial.

¢ Evaluation metrics: Choosing
appropriate  metrics  (e.g.,
precision, recall, Fl-score) is
essential.

¢ Computational complexity:
Some methods, like LOF, can
be computationally expensive
for large datasets.

3.2.11.1 Applications
¢ Fraud detection

¢ Network intrusion detection

¢ System health monitoring
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¢ Medical anomaly detection

¢ Industrial process control

Machine learning offers a diverse range
of techniques for anomaly detection. The
choice of method depends on factors such
as data characteristics, computational re-
sources, and the specific application do-
main. It’s often beneficial to experiment
with multiple methods and evaluate their
performance to find the most suitable ap-
proach.

3.2.12 Rule-Based Systems for
Anomaly Detection

Rule based systems are a fundamental ap-
proach to anomaly detection, relying on
predefined rules and conditions to identi-
fy deviations from normal behavior. They
provide a transparent and interpretable
method for detecting anomalies, partic-
ularly when domain expertise is readily
available.

3.2.12.1 Core Components

¢ Rule Definition: Experts define
specific rules based on domain
knowledge and experience.
These rules typically involve

logical conditions and thresho-
lds.

¢ Rule Evaluation: Incoming
data is processed against the
rulebase. If a rule is violated,
an anomaly is flagged.

¢ Action: Appropriate actions
are taken based on the detected
anomaly, such as generating
an alert, blocking suspicious
activity, or triggering further
investigation.

3.2.12.2 Examples of Rules

¢ Threshold-based rules:If a
metric exceeds or falls below

¢ Rule Creation:

a predefined threshold, an
anomaly is flagged (e.g., netw-
ork traffic volume excee-ding a
certain limit).

Pattern-based rules: If a
specific sequence of events
occurs, an anomaly is flagged
(e.g., multiple failed login
attempts from the same IP
address within a short time).

Correlation-based  rules: If
two or more variables exhibit
unexpected relationships, an
anomaly is flagged (e.g., un-
usual  correlation  between
product sales and customer
support calls).

3.2.12.3 Advantages of Rule-
Based Systems

¢ Interpretability: Rules are

human readable and easy to
understand.

Efficiency: Rule evaluation can
be computationally efficient.

Domain Expertise: Leverages
expert knowledge to create
effective rules.

Controllability: Rules can be
easily modified or added based
on new insights.

3.2.13 Challenges and
Limitations

Developing
comprehensive rule sets can be
time consuming and requires
domain expertise.

Rule Maintenance: Rules ne-
ed to be updated regularly to
adapt to changing conditions
and new anomaly patterns.

¢ Limited Flexibility: Rule ba-
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sed systems might struggle ¢ Industrial process control
to detect complex or novel

anomaly patterns. Rule based systems offer a valuable ap-
proach to anomaly detection, especial-

¢ False Positives: Overly restri- ly when domain knowledge is abundant
ctive rules can lead to a high and the anomaly patterns are well-under-

number of false alarms. stood. However, they often require con-

tinuous maintenance and might struggle
with complex or evolving anomaly types.
Combining rule-based systems with ma-
chine learning techniques can enhance
¢ Fraud detection detection capabilities and address some of

¢ System health monitoring their limitations.

3.2.14 Applications

¢ Network intrusion detection

Recap

¢ Data Summarization simplifies complex data using statistics, visualization,
and aggregation.

¢ Anomaly Detection identifies unusual data points using statistical and
machine learning techniques.

¢ Key Methods: Descriptive statistics (mean, median, standard deviation),
visualization (charts, graphs), and dimensionality reduction (PCA).

¢ Examples: Sales trends, customer demographics, financial patterns, survey
feedback, and website traffic.

¢ Customer Data Analysis: Helps in segmentation, purchase behavior
insights, and geographic trends.

¢ Sales Analysis: Identifies top selling products, demand patterns, and
seasonal trends.

¢ Anomalies (Outliers): Data points that significantly deviate from the norm
due to errors or rare events.

1. Types:
a. Point Anomalies — A single outlier in the dataset.

b. Contextual Anomalies — Unusual in a specific context (e.g., sudden
temperature rise in winter).

c. Collective Anomalies — A group of outliers forming an unusual pattern.
2. Detection Methods:

a. Statistical (Z-score, IQR)

b. Machine Learning (Isolation Forest, LOF, DBSCAN)

c. Rule-Based Systems (Predefined thresholds, correlation rules)

3. Applications: Fraud detection, system health monitoring, network security,
and industrial control.
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Objective Type Questions
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What is a significant deviation from normal data called?

What type of anomaly involves a single data point?

Which anomaly type depends on context?

Which anomaly type consists of a group of unusual data points?
Which statistical method uses standard deviations to detect anomalies?
Which method uses quartiles to detect outliers?

Which clustering algorithm is used in anomaly detection?

What type of learning requires no labeled data?

Which technique reduces dimensions in data?

. Which distance measure considers variable correlation?

. What method uses compressed data reconstruction for anomaly detection?
. Which SVM variant is used for anomaly detection?

. Which term refers to high-dimensional data problems?

. What is anomaly detection used for in cybersecurity?

. What do ML models detect in data for anomaly detection?

Answers to Objective Type Questions
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Anomaly
Point
Contextual
Collective
Z-score

IQR
DBSCAN
Unsupervised
PCA

. Mahalanobis
. Autoencoder
. One-class

. Curse

. Intrusion

. Deviations
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Assignments

10.

Explain the concept of sample size in Exploratory Data Analysis (EDA) and
its importance. How does it influence the reliability and validity of statistical
estimates?

Describe how the confidence level impacts the sample size needed for a
study. Provide an example of how changing the confidence level affects the
required sample size.

Calculate the sample size required for estimating a population mean with a
99% confidence level, a standard deviation of 12, and a margin of error of 3.
Use the sample size formula provided.

Discuss the relationship between margin of error and sample size. How does
increasing the sample size affect the margin of error?

Explain the role of power in determining sample size for a study. What is the
generally accepted power value, and why is it important for study validity?

Compare and contrast univariate, bivariate, and multivariate analysis in the
context of EDA. How do these analyses contribute to understanding data?

Describe Principal Component Analysis (PCA) and its application in reducing
dataset dimensions. How does PCA help in analyzing large datasets?

Define Cluster Analysis and its role in EDA. Provide an example of how
cluster analysis can be used to segment data for better insights.

Explain Factor Analysis and its purpose in data reduction and structure
detection. How does it help in understanding underlying relationships
between variables?

Discuss Discriminant Analysis and its application in classifying observations
into predefined groups. Provide an example of how this technique can be
applied in a practical scenario.
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Unit 3

Data Reduction Techniques: PCA,
Wavelet analysis

Learning OQutcomes

After completing this section, learners will be able to:

¢ define data reduction and its role in simplifying large datasets.
¢ identify parametric and sampling-based data reduction methods.

¢ list key features of normal distribution, linear regression, and logistic
regression.

¢ describe simple random, stratified, and systematic sampling techniques.

¢ state the pros and cons of parametric and sampling approaches.

Prerequisites

Data in the real world is often large and complex, making it difficult to store, process,
and analyze. Think of a high resolution image while it contains a lot of detail, not all of
it may be necessary for understanding the main subject. Similarly, in data science, large
datasets often have redundant or less useful information, making it harder to extract
meaningful insights. This is where data reduction techniques help by simplifying data
while retaining important patterns, just like resizing an image without losing key details.

One common approach is Principal Component Analysis (PCA), which reduces the
number of variables while preserving the essential information. It works like summa-
rizing a long report into key points without losing its meaning. Another technique,
Wavelet Analysis, transforms data into a simpler form by breaking it down into dif-
ferent frequency components, much like how music can be split into bass and treble.
These methods help in making data analysis more efficient while ensuring that valuable
information is not lost.
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Key words

Standardization, Genomics, Dimensionality reduction, Feature extraction

Discussion

3.3.1 Data Reduction Techni-
ques: PCA and Wavelet
Analysis

In data science, handling large datasets
efficiently is essential for effective anal-
ysis and decision-making. Data reduction
techniques help simplify complex data
while retaining essential information.
These techniques transform high dimen-
sional data into a more manageable form,
improving computational efficiency with-
out compromising valuable insights. By
reducing data size, these methods enhance
processing speed, optimize storage, and
improve model performance. This ensures
that analysts and Al models can extract
meaningful patterns while maintaining the
integrity of the original dataset.

Among various data reduction techniques,
Principal Component Analysis (PCA) and
Wavelet Analysis play a crucial role. PCA
reduced dimensionality by transforming
correlated variables into a smaller set of
uncorrelated components, capturing most
of the variance in the data. On the other
hand, Wavelet Analysis is useful for com-
pressing and denoising data by decompos-
ing it into different frequency components.
These techniques enable efficient data rep-
resentation, improving analytical accura-
cy while preserving essential features for
modeling and interpretation.

3.3.2 Principal Component
Analysis

Principal Component Analysis (PCA) is
a widely used statistical technique in data

@,

analysis, designed to reduce the dimen-
sionality of large datasets. It achieves this
by transforming the original variables into
a new set of uncorrelated variables known
as Principal Components. These compo-
nents are ordered in a way that the first
few retain most of the variation present in
the original dataset.

PCA is applied in various fields, including
finance, biology, engineering, and social
sciences, where it simplifies data, reduc-
es noise, and reveals underlying struc-
tures. By preserving the most significant
patterns, PCA enhances computational
efficiency while maintaining the essential
characteristics of the data for analysis and
modeling.

3.3.2.1 How PCA Works Steps in
Principal Component Analysis

1. Standardization: Before perfor-
ming PCA, it is essential to
standardize the data, especially
when variables have different units
or scales. Standardization ensures
that each variable has a mean
of zero and a standard deviation
of one, allowing all variables to
contribute equally to the analysis.
The standardized data is then used
to compute the covariance matrix.

2. Covariance Matrix Computati-
on: The covariance matrix captu-
res the relationships between varia-
bles and ide-ntifies the directions
of maximum variation in the data.
Understanding these relationships
is crucial for determining the
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principal components.

3. Eigenvalues and Eigenvec-
tors: The covariance matrix is
decomposed into eigenvalues
and eigenvectors. Eigenvectors
define the directions of maxi-
mum variation (principal comp-
onents), while eigenvalues indi-
cate the amount of variance
explained by each component.
The principal components are
uncorrelated and orthogonal,
representing distinct patterns in
the data.

4. Principal Components Selec-
tion: Principal components are
ranked based on their corres-
ponding eigenvalues. The first
principal component captures
the highest variance, followed
by the second, and so on. A
subset of principal components
is selected, retaining most of
the dataset’s variability while
reducing dimensionality.

5. Projection: The original data-
setis projected onto the selected
principal components, forming
a new dataset that retains
the key characteristics of the
original data in a simplified
form.

3.3.2.2 Benefits of PCA in Data
Analytics

PCA is particularly useful when datasets
contain many variables, leading to issues
such as multicollinearity, where multiple
variables are highly correlated. By reduc-
ing the number of variables while retain-
ing the most significant information, PCA
helps mitigate multicollinearity and im-
proves the performance of analytical mod-
els. Additionally, PCA enhances interpret-
ability, reduces computational complexity,
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and accelerates data processing, making it
a valuable tool in data science and ma-
chine learning.

To illustrate this idea, see the example.
Suppose that you have a dataset with the
weight, color, size, and sugar content of
different types of fruits. If you attempt to
analyze all these characteristics together,
doing so may be a complicated and com-
plex task for you. However, if you apply a
method of principal component analysis,
you can simplify this big dataset of differ-
ent fruits to some principal components
that account for the overall information
about the fruits. To simplify, some im-
portant information and patterns, charac-
teristics, and trends in the data. Principal
Component Analysis is incredibly useful
for reducing the number of variables that
we have in our data set which, in turn,
makes our analyses simpler and more un-
derstandable. When the data that we are
working with is high-dimensional, it is es-
pecially beneficial to employ PCA as not
only does the method remove noise and
clear up undesired detail, but also due to
the fact that it emphasizes the components
that account for the highest amount of data
variance. Because of this, PCA can char-
acterize sets of data with potentially high
discrepancies adequately and also enables
one to discern structures and patterns that
were previously incognito. Finally, reduc-
ing the initial dimensions of the data can,
in many cases, simplify their introduction
into calculations in terms of both time and
computational expenses.

3.3.3 Applications of PCA in
data reduction

Applications of Principal Component
Analysis across disciplines for Data
Compression

One popular method of data compression,
Principal Component Analysis (PCA), is
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Principal Component Analysis (PCA)

Transformation

Original data
(high-dimensions)

Variable #1

PCA dimensionality
reduction

Lower-dimensional
embedding

Principal component #2

Principal component #1

+ Maximize variance along PC1
+ Minimize residuals along PC2

Fig 3.3.1 Principal Component Analysis

used for reducing the dimensionality of
data, simplifying complex datasets, and
revealing hidden structures. The follow-
ing section discusses various applications
of Principal Component Analysis (PCA)
across different fields, illustrating them
with relevant examples. The areas ex-
plored include Finance, Genomics, and
Image Processing.

3.3.3.1 Finance

In the financial sector, PCA is used to
handle the enormous volumes of financial
data. It serves as a tool for pointing out
the main factors that affect asset prices,
market indices and economic indicators.
By simplifying financial datasets, PCA al-
lows analysts to focus just on what is re-
ally driving movements in markets. Cus-
tomers can use PCA to analyze securities
prices and identify the main factors that
affect the market as a whole, such as in-
terest rates, inflation, or economic growth.
This strategy allows for more targeted in-
vestments and better risk control.

@,

3.3.3.2 Genomics

In genomics, PCA is essential when sifting
through genetic data, which can include
thousands of variables. It is used to dis-
cover patterns and relationships between
genes or genetic variations more easily
and understand genetic effects on diseases
and traits.

Example: PCA can be applied to
high-throughput genetic data to identify
genetic markers associated with specific
diseases. This helps in disease prevention
and the creation of tailored treatments, im-
proving patient outcomes.

3.3.3.3 Image Processing

PCA has found widespread applications in
image processing, such as image compres-
sion and feature extraction. By changing
high dimensional imaging data into a low-
er-dimensional form of equal importance,
PCA reduces the dimensions but retains
essential information.

Example: PCA in facial recognition sys-
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tems can reduce the size capture area of an
image and still preserve needed delineat-
ing features. This is saying the same thing
as: Reduce the Image size while keeping
only those features of real importance for
discrimination between different faces. It
makes storage and processing more effi-
cient without any loss in accuracy of im-
age recognition data.

3.3.3.4 Environmental Science

PCA is used in environmental science for
analyzing data on pollution levels, climate
change and ecosystem measurements. It
helps reveal patterns and trends, essential
in environmental monitoring and policy
making. Example: air quality data can
be analyzed using PCA to show which
sources of pollution are most important
in a city. This information leads directly
to policy measures and pollution control
strategies, and thus the health safety of
residents through improving public health
and environmental conditions.

Principal Component Analysis (PCA) is
a powerful technique for data reduction
across various domains. By simplifying
complex datasets while preserving essen-
tial insights, it allows financial analysts,
genome researchers, image processors,
medical professionals, and agricultural
experts to derive meaningful conclusions
from vast amounts of information. Wheth-
er in finance, genomics, image processing,
marketing, medicine, or environmental
science, PCA benefits both academic re-
searchers and industry practitioners. Its
application helps uncover hidden patterns,
improve data interpretation, and support
well informed decision making. Master-
ing PCA enhances the efficiency and accu-
racy of data analysis, leading to valuable
outcomes across multiple disciplines.

3.3.4 Wavelet Analysis

Wavelet analysis is another form of data
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reduction that occurs when transforming
the data in a way to turn it into a domain
in which it can be analyzed most efficient-
ly. The specific feature of wavelet analysis
is that it deconstructs a series in a set of
wavelets, which differ in both frequen-
cy and position, as opposed to classi-
cal Fourier transforms that usually piece
data into sines and cosines. Subsequently,
wavelet analysis is particularly effective
in the case of signals which are of high
frequency and, thus, speeds. An example
of such a signal is an ECG, where the fre-
quency of the signal keeps changing. As
wavelet analysis allows reducing noise
and breaking out the signal into compo-
nents of varying frequencies, it results in
the reduction of size of the wavelet packet
or the dataset that enable further efficient
analysis. By definition, the reduction of
the size results in data reduction. Howev-
er, since in this case, the size is reduced
as the quality of signal and, therefore, the
possibilities of diagnosis increases, data
reduction performs the function of mak-
ing the ECG signal easy to analyze more
efficiently. The numerous applications of
wavelet analysis both in signal processing
and in other fields are associated with its
efficiency in making analysis of high fre-
quency signals and features like transients
and other quick events possible.

As data continues to grow exponentially,
managing its volume becomes increas-
ingly challenging across various fields,
including signal processing, image gen-
eration, and time series analysis. Data
reduction techniques are essential for dis-
tinguishing meaningful information from
irrelevant noise, ensuring that only signif-
icant features are retained. By applying
these techniques, analysts can capture crit-
ical insights at different stages of data evo-
lution while minimizing storage require-
ments. This approach not only enhances
processing efficiency but also addresses
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the rising complexity of data storage, es-
pecially in an era dominated by IoT and
cloud based computing.

3.3.5 Multi-Resolution
Analysis (MRA)

Multi-Resolution Analysis (MRA) is a key
feature of wavelet analysis that enables
data to be examined at multiple levels of
detail. It allows for a hierarchical decom-
position of data, making it easier to detect
patterns, trends, and anomalies across dif-
ferent scales.

MRA is particularly effective in time-se-
ries analysis, where it helps identify long-
term trends while preserving short term
fluctuations. In image processing, MRA
enhances edge detection and texture anal-
ysis, improving the clarity of visual data.
Financial modeling also benefits from
MRA, as it helps capture market trends
and sudden price changes for better deci-
sion-making.

The Haar wavelet is one of the simplest
and most commonly used wavelet func-
tions in signal processing, often applied in
image compression, edge detection, and
multi-resolution analysis.

Multi Resolution Analysis (MRA) in
Wavelet Transform enables signal decom-
position at different levels of detail by ap-
plying successive low pass and high pass
filtering. This approach helps in captur-
ing both coarse and fine details, making
it useful for analyzing signals that change
over time. Unlike the Fourier Transform,
which represents signals using sinusoidal
functions and provides only a frequency
domain representation, the Wavelet Trans-
form retains both time and frequency lo-
calization. This makes it more effective
for analyzing non-stationary signals such
as images and biological data.

3.3.6 Types of Wavelet
Transforms

3.3.6.1 Continuous Wavelet
Transform (CWT)

The Continuous Wavelet Transform
(CWT) provides a detailed representa-
tion of data in both time and frequency
domains. Unlike the Fourier Transform,
which analyzes only frequency compo-
nents, CWT captures variations over time,
making it effective for non-stationary sig-
nal analysis.

CWT is widely used in various signal pro-
cessing applications. In speech recogni-
tion, it helps identity phonetic patterns by
analyzing frequency changes over time. In
seismic analysis, CWT detects and char-
acterizes earthquake signals. In biomedi-
cal applications, it assists in interpreting
ECG and EEG signals, helping diagnose
cardiac and neurological conditions.

3.3.6.2 Discrete Wavelet
Transform (DWT)

The Discrete Wavelet Transform (DWT) is
an efficient method for data compression
and noise reduction. Unlike CWT, which
provides a continuous representation,
DWT decomposes signals into discrete
wavelet coefficients at different scales,
making it computationally efficient.

DWT is widely applied in various do-
mains. In image compression, it is a key
component of formats like JPEG2000, re-
ducing file sizes while preserving image
quality. In denoising applications, DWT
effectively removes unwanted noise from
audio, medical, and environmental sig-
nals. Additionally, its real-time processing
capabilities make it valuable for tasks like
speech enhancement and anomaly detec-
tion in sensor networks.
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3.3.7 Wavelet Functions

Wavelet functions are mathematical func-
tions used in Wavelet Transform to ana-
lyze signals at different scales and reso-
lutions. These functions are designed to
be localized in both time and frequency,
making them suitable for analyzing non
stationary signals. Each wavelet function
has specific properties such as compact
support, smoothness, and vanishing mo-
ments, which determine its effectiveness
in various applications.

The choice of an appropriate wavelet func-
tion is essential for accurate signal repre-
sentation and analysis. Common wavelets
include the Haar wavelet, used in image
compression and edge detection due to
its simplicity, and Daubechies wavelets,
which are effective in signal denoising
and biomedical applications due to their
orthogonality and smoothness. Coiflet
wavelets are preferred for signal process-
ing tasks that require symmetry and mini-
mal phase distortion, while Symlet wave-
lets balance symmetry and smoothness,
making them useful for image processing.
The Meyer wavelet, with its continuous
and smooth nature, is widely used in au-
dio signal processing. The selection of a
suitable wavelet depends on the specific
requirements of the application, balancing
computational efficiency with resolution
quality.

3.3.8 Applications of Wavelet
Analysis

Image Processing: Wavelet analysis
plays a crucial role in image compression
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and denoising. It helps reduce storage
space while preserving important details,
making it widely used in formats like
JPEG2000. Additionally, it enhances im-
age quality by effectively removing noise.

Financial Markets: Wavelet analysis
is used to detect trends and anomalies in
stock price movements. By decomposing
financial time-series data, it helps analysts
identify short term fluctuations and long-
term trends, improving decision-making
in trading and risk assessment.

Biomedical Signal Processing: Wavelet
analysis is applied in analyzing biomedi-
cal signals such as EEG and ECG. It helps
detect abnormalities, such as epileptic sei-
zures or cardiac arrhythmias, by extract-
ing relevant patterns from complex phys-
iological signals, aiding in early disease
diagnosis.

Wavelet Analysis is a powerful tool for
handling large datasets efficiently, im-
proving pattern recognition, and enhanc-
ing data interpretation across various do-
mains.

3.3.8.1 Real World Applica-tions

One of the concrete real world applica-
tions of this tool present in the medical
field is its use with magnetic resonance
imaging or MRI for short. Many hospitals
have implemented systems that automat-
ically analyze incoming data from MRI
tests in real time, reducing the size of the
data sets that need to be stored and ensur-
ing that the actual important data used for
diagnostics aren’t lost in the shrinkage of
the size of the images.
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Recap

Data Reduction Techniques: PCA and Wavelet Analysis
¢ Datareduction simplifies large datasets while retaining essential information.

¢ Itenhances computational efficiency, optimizes storage, and improves model
performance.

¢ Principal Component Analysis (PCA) and Wavelet Analysis are key
techniques for dimensionality reduction.

Principal Component Analysis (PCA)

¢ PCA reduced dimensionality by transforming correlated variables into
uncorrelated principal components.

¢ It retains most of the data variance while simplifying dataset complexity.

¢ Widely used in finance, biology, engineering, and social sciences.

Steps in PCA
1. Standardization — Ensures equal contribution of variables by normalizing
data.

2. Covariance Matrix Computation — Identifies relationships between varia-
bles.

3. Eigenvalues and Eigenvectors — Determines principal components repre-
senting variance.

4. Principal Components Selection — Ranks components based on variance
contribution.

5. Projection — Transforms data into selected principal components.
Benefits of PCA

¢ Reduces multicollinearity in datasets with many variables.

¢ Improves model efficiency and interpretability.

¢ Enhances noise reduction and data visualization.
Applications of PCA

¢ Finance — Identifies key market factors affecting asset prices.

¢ Genomics — Analyzes genetic variations and disease associations.

¢ Image Processing — Used in facial recognition and image compression.

¢ Environmental Science — Assesses pollution sources for policy-making.
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Wavelet Analysis

¢ Transforms data into wavelets of different frequencies and positions.

¢ Effective for analyzing non-stationary signals like ECG and time-series data.

¢ Useful in noise reduction and efficient signal decomposition.

¢ Multi-Resolution Analysis (MRA)

¢ Examines data at multiple levels of detail.

¢ Applied in time-series trends, image processing, and financial modeling.
Types of Wavelet Transforms

¢ Continuous Wavelet Transform (CWT) — Provides time-frequency represen-
tation for speech recognition and seismic analysis.

¢ Discrete Wavelet Transform (DWT) — Efficient for data compression and
noise reduction.

Applications of Wavelet Analysis
¢ TImage Processing — Used in JPEG2000 for compression and denoising.
¢ Financial Markets — Identifies stock price trends and anomalies.

¢ Biomedical Signal Processing—Analyzes ECG/EEG for medical diagnostics

Objective Type Questions

Define Principal Component Analysis (PCA).
State one application of PCA in data science.

What is the main purpose of PCA in dimensionality reduction?

s

Which mathematical technique is used in PCA to compute principal
components?

Name the matrix decomposition method commonly used in PCA.
What criterion is used to select the number of principal components?
What is the relationship between eigenvalues and variance in PCA?

What does a higher eigenvalue signify in PCA?

SCBNCCIS U

Define a wavelet in the context of signal processing.

10. Which property of wavelets makes them useful for analyzing non-stationary
signals?

11. What is the difference between continuous wavelet transform (CWT) and
discrete wavelet transform (DWT)?
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12. Name one commonly used wavelet function.
13. What is the purpose of wavelet decomposition in image compression?
14. What is the significance of scaling and translation in wavelet transforms?

15. How does wavelet analysis help in noise reduction?

Answers to Objective Type Questions

Dimensionality
Feature extraction
Uncorrelated
Eigenvalue

SVD

Variance
Proportional

Importance
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Assignments

1. Explain the role of Principal Component Analysis (PCA) in dimensionality
reduction. Provide an example of how it can be applied in image processing.

2. Describe the mathematical steps involved in performing PCA on a given
dataset.

3. Compare and contrast PCA and Wavelet Transform in terms of their
applications and advantages in signal and image processing.

4. Explain the concept of multi-resolution analysis in Wavelet Transform. How
does it differ from Fourier Transform?

5. Discuss the importance of selecting an appropriate wavelet function. Provide
examples of commonly used wavelet functions and their applications.
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6. Given a dataset, outline the steps to apply PCA and interpret the results based
on eigenvalues and eigenvectors.
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Unit 4

Parametric Data Reduction, Sampling
Techniques for Data Reduction

Learning OQutcomes

After completing this section, learners will be able to:
¢ define parametric data reduction and its role.
¢ identify parametric methods like regression and histograms.
¢ describe sampling techniques such as random and stratified sampling.
¢ compare sampling methods for data reduction.

¢ recall the advantages and limitations of these techniques.

Prerequisites

Think about how we summarize information in daily life. When reviewing a long news
article, we often focus on the key points instead of reading every word. Similarly, in
data science, dealing with large datasets can be overwhelming, and analyzing every
detail is not always practical. To make data analysis efficient, we use techniques that
simplify data while keeping the essential patterns intact.

When conducting a survey on customer preferences, selecting a smaller group that rep-
resents the entire population helps in making accurate predictions without processing
all the data. This approach, known as sampling, allows efficient analysis while main-
taining reliability. Similarly, parametric data reduction techniques use mathematical
models to summarize large datasets while preserving important characteristics. These
methods help data scientists handle big data efficiently and extract meaningful insights
without unnecessary complexity.

Key words

Dimensionality reduction, Feature selection, Principal Component Analysis (PCA),
Stratified sampling, Random sampling, Cluster sampling
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Discussion

3.4.1 Data Reduction

We have already seen the importance of
data reduction in data analytics. As data
reduction simplifies the vast amounts of
data, making it more manageable and
efficient to analyze, the computation be-
comes less expensive. It involves various
methods that condense large datasets into
smaller, more useful forms without los-
ing significant information. Two primary
methods for data reduction are paramet-
ric data reduction and sampling tech-
niques.

3.4.2 Parametric Data
Reduction

Parametric data reduction is one of the
methods devised to decrease the amount
of data processed. It relies on statistical
models that approximate the character-
istics of the data in question. The main
advantage of the method is its efficiency,
since the model often describes the entire
distribution of data with just a few param-
eters. Perhaps the most known example
of parametric data reduction is related to
using a normal distribution model. If the
data is normally distributed, it only takes
two parameters to summarize these data:
the mean parameter (1), and the standard
deviation parameter (o). This way, ana-
lysts do not need to process each separate
point and could simply work with these
two parameters.

In finance, we use parametric models such
as Black-Scholes to estimate the options
price. This enables the investor to make
an informed decision without requiring an
excessive amount of data. Another exam-
ple is logistic regression that uses parame-
ters to model the growth curves in biology
where parameters specify growth rate and
carrying capacity. One challenge in the
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data reduction based on the imposition of
a parametric model involves the assump-
tion of the type of distribution of the data.
The parametric data reduction approach
forces the dataset into the selected dis-
tribution assuming it is a perfect choice.
Yet the real data may deviate from the pat-
tern. Indeed, if a normal distribution is as-
sumed for the size-type of a parameter for
products with a size range, such as time
to breaking of a table, smaller and larger
fragments would be forced to a specific
mean. This would result in a massive un-
derestimation of the table’s strength for a
large fraction. Another limitation of such
an approach is that the importance of para-
metric data can only be verified by visual
inspection or statistical tests once a priori
assumption is made, for example, the Sha-
piro Wilk test of normality. Let us develop
this discussion in the next section.

3.4.2.1 Normal Distribution

The normal distribution, or Gaussian dis-
tribution, is one of the most frequently
used parametric models in the reduction
of data. It is defined by the mean i and
the standard deviation o, resulting in a
bell-shaped curve. The normal distribu-
tion is applied because in many cases in
practice, data is normally distributed.
Heights, weights, and test scores, among
other things, are some of the good exam-
ples of normal distributions. By using the
mean and standard deviation, the normal
distribution as a parametric model can be
used to describe the data, by just using just
these two parameters and helps reduce
the amount of data while preserving key
characteristics. In contrast, non-paramet-
ric methods like the Spearman rank cor-
relation do not assume any specific data
distribution, making them useful for ordi-
nal data but less effective in reducing data
dimensionality while maintaining its orig-
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inal structure.

3.4.2.2 Linear Regression

Linear regression is a statistical technique
that models the relationship between a
dependent variable and one or more in-
dependent variables. It predicts the value
of the dependent variable based on the
values of the independent variables. Lin-
ear regression is one of the widely used
algorithms in various fields such as eco-
nomics, biology, and engineering. It helps
in understanding and predicting trends
by summarizing the data through a linear
equation.

In economics, linear regression can be
used to model the relationship between
GDP growth and factors such as invest-
ment, consumption, and government
spending. By fitting a linear model, econ-
omists can predict future GDP growth
based on changes in these factors.

Linear regression assumes a linear rela-
tionship between the variables. If the re-
lationship is non-linear, this model may
not provide an accurate summary. Addi-
tionally, outliers can significantly affect
the regression line, leading to misleading
results.

3.4.2.3 Logistic Regression

Logistic regression is used for modeling
binary outcomes. It predicts the probabil-
ity of an event occurring based on one or
more predictor variables. This technique
is particularly useful for classification
problems. Logistic regression is common-
ly used in fields such as medicine, finance,
and marketing for binary classification
tasks. It helps in understanding the factors
that influence a particular outcome.

In healthcare, logistic regression can be
used to predict the likelihood of a patient
having a disease based on factors such as
age, sex, and medical history. By summa-

@,

rizing the data into probabilities, doctors
can identify high-risk patients and take
preventive measures.

Logistic regression assumes a linear rela-
tionship between the predictor variables
and the log-odds of the outcome. If this
assumption is violated, the model may not
provide accurate predictions. Additional-
ly, it can be sensitive to multicollinearity
among the predictor variables.

3.4.2.4 K-Means Clustering

K-means clustering is a method of parti-
tioning data into k clusters such that each
point depends on the cluster whose mean is
closest to the given point. Usage K-means
clustering is extensively used for purposes
of market segmentation, image compres-
sion and anomaly detection. Moreover,
the application in the market simplifies
the data based on the similarity of the cus-
tomers and simplifying is always a great
option in case of extremely big data. For
instance, marketing can use K-means for
segmentation of customers according to
their buying behavior. This, in its turn,
can help marketing to orient their adver-
tising on each particular consumer group.
For example, in email marketing, different
customer groups will receive different let-
ters or offers.

However, K-means clustering is based on
the assumption that the clusters are spher-
ical and of the same size. In case the clus-
ters are different and have different shapes,
the method will not be appropriate to use.
Another disadvantage of K-means is the
choice of k, which affects the final output
of the clustering.

3.4.3 Sampling Techniques for
Data Reduction
In data analytics, handling and analyzing

large datasets can often be difficult and
computationally expensive. To manage
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this complexity, data reduction techniques
play a crucial role. Sampling techniques, a
subset of these methods, involve selecting
a representative subset of data points from
a larger dataset. This approach retains the
essential characteristics of the data while
significantly reducing its volume. By do-
ing so, analysts can perform efficient and
effective analyses without compromising
the integrity and reliability of the insights
derived. Sampling techniques are widely
used across various fields such as market
research, healthcare, and quality control,
enabling analysts to make informed de-
cisions based on a manageable subset of
data. These techniques ensure that the
samples are representative of the over-
all population, allowing for accurate and
meaningful conclusions to be drawn.

3.4.3.1 Simple Random Sampling

Simple random sampling is a vital meth-
od of data reduction whereby every data
point in a dataset has an equal probability
of being chosen. This technique assures an
unbiased sample, which reflects the entire
population. For example, if a company
aims at evaluating customer satisfaction,
it can randomly choose 10% of its custom-
ers and get their feedback. This proportion
will reflect the diversity and spread of the
overall customers. There exists an analo-
gy to the method used in a hat whereby a
group of numbers is made and each cor-
responds to a specific customer. In other
words, the simple random sample guar-
antees that there are no subgroups; rather,
every object in the overall population has
the same likelihood of being included in
a sample. It helps to ensure that the true
characteristics of a population are cap-
tured, determining any signs of bias.

3.4.3.2 Stratified Sampling

Stratified sampling refers to a statistical
method of dividing the dataset in such
a way that the subgroups are separated
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based on characteristics. For example, all
subgroups along the characteristic of in-
terest such as age can be separated from
the main dataset. They are then sampled.
The method is important when some sub-
groups are important, and a random sam-
ple may not ensure their representation
in the study. For example, such a situa-
tion may include women and children in
the world. Both groups may be import-
ant in a research but together they may
become small samples to meet research
standards. However when randomly sam-
pling from each group some of the groups
will not be represented well. The research
in this case can separate the sample into
the two groups, men and women and en-
sure that each group is well represented.
This method of sampling is used around
us, and many people have been a part of
such sampling. For example a teacher in
a class may divide his class into 4 classes
based on whether they are girls of father
or mother. He can then pick a few girls in
each class to help in a survey.

3.4.3.3 Systematic Sampling

Systematic sampling is an approach to se-
lecting data points at regular intervals in
an ordered dataset. It is simple and effi-
cient, especially for large datasets. For ex-
ample, in quality control in the manufac-
turing process, an inspector may choose
every 100th item off a production line to
ensure the quality of the product. In such
a systematic process, only every n" sub-
ject is chosen in the dataset. It can ensure
that the systematic sample is distributed
evenly across the entire sampling frame
and minimizes clustering. For example,
a list of employees sorted in alphabetical
order could systematically choose every
10th person from the list to participate in
a training program. It can make the sys-
tematic sampling method less resource in-
tense and more manageable.
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These sampling techniques like simple
random sampling, stratified sampling, and
systematic sampling, are essential tools in
data reduction. They help ensure that the
sample is representative of the population,
thereby providing reliable and accurate
insights while managing large datasets ef-
fectively. By applying these methods ap-
propriately, analysts can streamline their
data analysis processes, making them
more efficient and effective.

A significant challenge with sampling
techniques is ensuring that the sample
is truly representative of the population.
Simple random sampling might miss out
on important subgroups if they are not ad-
equately represented in the random sam-
ple. Stratified sampling requires accurate
knowledge of the strata and their propor-
tions in the population. Systematic sam-
pling can introduce bias if there is a peri-

Recap

Data Reduction Overview

odic pattern in the data that aligns with the
sampling interval.

Parametric data reduction and sampling
techniques are essential tools in data an-
alytics, allowing analysts to manage and
analyze large datasets efficiently. While
parametric data reduction simplifies data
by summarizing it with a few parameters,
sampling techniques reduce data volume
by selecting representative subsets. Both
methods have their challenges, such as
ensuring the appropriateness of the para-
metric model or the representativeness of
the sample. By carefully applying these
techniques, analysts can extract meaning-
ful insights from vast datasets, enhancing
decision-making and improving analytical
efficiency. Understanding and effective-
ly using these data reduction methods is
crucial for anyone involved in data driven
fields.

¢ Simplifies large datasets, making analysis more efficient and cost effective.

¢ Includes parametric data reduction and sampling techniques.

Parametric Data Reduction

¢ Uses statistical models to summarize data with fewer parameters.

¢ Normal distribution (p, 6) is a common approach.

¢ Examples: Black-Scholes model in finance, logistic regression in biology.

¢ Limitation: Assumes a specific distribution, which may not always be

accurate.

Key Parametric Models

¢ Normal Distribution: Bell-shaped curve, summarizing data with mean and

standard deviation.

¢ Linear Regression: Models relationships between variables using a linear

equation.

B,
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¢ Logistic Regression: Predicts binary outcomes, used in healthcare and
finance.

¢ K-Means Clustering: Groups data into clusters based on similarity.
Sampling Techniques for Data Reduction
¢ Sclects representative subsets to retain essential data characteristics.
¢ Applied in market research, healthcare, and quality control.
Types of Sampling
¢ Simple Random Sampling: Each data point has an equal chance of selection.
¢ Stratified Sampling: Divides data into subgroups before sampling.
¢ Systematic Sampling: Selects data points at fixed intervals.
Challenges
¢ Ensuring the sample is representative.
¢ Parametric models may not fit real world data perfectly.

¢ Sampling bias can impact the reliability of insights.

Objective Type Questions

What type of model does parametric data reduction rely on?

Which distribution is most commonly used in parametric data reduction?
What is the shape of the normal distribution curve?

Which parameter represents the average in a normal distribution?

What is used to describe the spread in a normal distribution?

Which financial model is an example of parametric data reduction

What type of relationship does linear regression assume?

What type of regression is used for binary outcomes?

SOR ORI O e

Which data reduction method groups similar data points into clusters?

—
S

. What is the shape assumption for clusters in K-means?

[
—

. Which sampling technique gives every data point an equal chance of
selection?

12. Which sampling method divides data into subgroups before sampling?

13. Which sampling selects items at regular intervals?
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14. What type of correlation method does not assume any distribution?

15.

Which test checks for normality in a dataset?

Answers to Objective Type Questions
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Statistical

Normal
Bell-shaped

Mean

Standard deviation
Black-Scholes
Linear

Logistic

K-means

. Spherical

. Random

. Stratified

. Systematic

. Spearman

. Shapiro-Wilk

Assignments

. Explain the importance of data reduction in data analytics. How does it

improve efficiency in data analysis?

Discuss parametric data reduction with an example. How does it help in
summarizing large datasets?

Compare and contrast normal distribution and non-parametric methods in
data reduction. Provide real world examples.

How does linear regression aid in data reduction? Discuss its advantages and
limitations.

Explain logistic regression and its role in classification tasks. Provide an
example of its application in a real-world scenario.

Describe K-means clustering and its significance in data reduction. What are
its limitations?
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. Discuss different sampling techniques used for data reduction. How do they

ensure the representativeness of the data?

. Explain the challenges associated with parametric data reduction and

sampling techniques. How can analysts overcome these challenges?
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Unit 1
Introductory EDA

Learning OQutcomes

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

¢ familiarize the fundamental concepts and importance of EDA in data analysis
and machine learning

¢ list different types of data distributions
¢ explain descriptive statistical techniques

¢ identify industries where EDA is applied

Prerequisites

In the previous lessons, you explored feature engineering, where you transformed raw
data into meaningful features to enhance the accuracy of machine learning models. You
learned how selecting, creating, and modifying features can significantly improve pre-
dictive performance. But before these features can truly make an impact, it is essential
to understand the data itself, its structure, patterns, and possible inconsistencies. With-
out a clear understanding of the dataset, even the most carefully engineered features
might fail to produce reliable results. This is where Exploratory Data Analysis (EDA)
becomes critical.

EDA (fig:4.1.1) is like getting to know your dataset before making any assumptions.
Just as a doctor examines a patient before prescribing treatment, a data scientist must
explore and analyze the dataset before building models. Through EDA, you can uncover
important insights such as missing values, duplicate records, or unexpected patterns
that may otherwise go unnoticed. It allows you to spot trends, detect outliers, and verify
assumptions, ensuring that your dataset is clean and well-structured. Imagine working
with customer purchase data; EDA can help reveal seasonal buying trends, highlight
the most popular products, or even show unexpected patterns, such as an increase in
sales after specific marketing campaigns. These insights are invaluable for making
data-driven decisions.

Another key aspect of EDA is its reliance on visualization to make sense of complex
datasets. Numbers alone can be overwhelming, but tools like histograms, scatter plots,
and box plots provide a clearer picture of how data is distributed. For instance, if you’re

analyzing student performance data, a box plot might reveal that most students score
- -




within a specific range, but a few extreme values (outliers) indicate exceptional or
struggling students. These visual tools not only help in understanding the data but also
make communication easier when presenting findings to stakeholders. As you dive into
EDA, you will develop a keen eye for spotting patterns and irregularities, which will
ultimately lead to better decision-making and more effective machine learning models.
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Fig 4.1.1 The role of EDA in Data Science Process
Now, let’s begin exploring data the right way, before jumping into modeling!

Key words

Exploratory data analytics, measures of central tendency, measures of variability,

data distribution, inferential statistics

Discussion

4.1.1 Exploratory Data
Analytics (EDA)

Exploratory data analysis (EDA) is a vi-
tal part of machine learning or predictive
analytics problems. It is the process of
analyzing and summarizing a dataset to
understand its patterns, trends, and rela-
tionships before applying advanced tech-
niques like machine learning. The main
goal of EDA is to examine the data for dis-
tribution, outliers, and anomalies to guide
specific hypothesis testing. It also helps
generate hypotheses by visualizing and
understanding the data, usually through
graphical representations. EDA aids ana-
lysts in recognizing natural patterns within
the data. Feature selection techniques are
often part of EDA. Since Tukey’s ground-
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breaking work in 1977, EDA has become
widely regarded as the gold standard for
analyzing datasets. EDA is a fundamental
step after data collection and preprocess-
ing, where the data is visualized, plotted,
and manipulated without any assump-
tions. This helps in assessing the quality of
the data and building models. Most EDA
techniques rely heavily on graphics, as
they allow analysts to explore the data and
gain insights effectively. There are various
ways to categorize the EDA techniques.

4.1.1.1 Objectives of EDA

Exploratory Data Analysis (EDA) serves
several key objectives that are crucial for
any data-driven project. One of the pri-
mary goals is to gain a comprehensive
understanding of the data at hand. This



involves examining the data’s structure,
distribution, and patterns, which helps in
identifying any underlying trends or rela-
tionships. By visualizing the data through
various graphical representations, such as
histograms, scatter plots, and box plots,
analysts can quickly grasp the central ten-
dencies, variability, and overall shape of
the dataset. This initial understanding is
essential for making informed decisions
about the direction of further analysis
and ensuring that the data is appropriate
for the intended models and techniques.
Another important objective of EDA is
to detect and address anomalies and out-
liers that could potentially skew the re-
sults. These anomalies might be errors
in data collection, unusual observations,
or legitimate but rare events. Identifying
these outliers early in the analysis pro-
cess helps in deciding whether to remove,
transform, or retain them based on their
impact on the overall analysis. Addition-
ally, EDA aids in generating hypotheses
by uncovering patterns and relationships
that were not initially apparent. This hy-
pothesis generation is a critical step that
guides subsequent statistical testing and
modeling efforts. By providing a solid
foundation of understanding and insight,
EDA sets the stage for more precise and
meaningful analysis, ultimately leading to
better decision-making and more reliable
conclusions.

4.1.2 Steps in EDA

Exploratory Data Analysis (EDA) is like
getting to know a new friend - you ask
questions, find patterns, and clean up any
confusion before making decisions. Let’s
break it down into simple steps:

1. Collecting Data

Before analyzing, we need to gather data
from different sources. Imagine you are a
shop owner trying to understand custom-
er purchases. You collect data from sales
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records to see what people bought, online
transactions to check website purchases,
and customer feedback from surveys or
reviews.

2. Cleaning Data

Raw data can be messy! It may have miss-
ing details, repeated entries, or wrong in-
formation. If someone forgot to enter their
age, we can fill in the missing value with
the average age. If the same person’s data
appears twice, we remove the duplicate
entry. If someone accidentally entered
“150” as their age, we correct it to a real-
istic value.

3. Transforming Data

Sometimes, data needs to be adjusted
which is useful for analysis. Normaliza-
tion resizes values so that they fit within a
small range, like 0 to 1.This makes com-
parisons easier. For example, age might
range from 0 to 100, while income could
be between 0 and 100,000. By normaliz-
ing, both values can be compared fairly.
Standardization, on the other hand, adjusts
values so they have an average of 0 and
a consistent scale, which is useful when
comparing test scores or other numerical
data.

4. Converting Categorical Data

Many datasets include words instead of
numbers, but computers work better with
numbers. For example, if a dataset has
“Male” and “Female” in the “Gender”
column, we convert them into numbers
by creating two new columns: “Gender
Male” and “Gender Female.” A value of
1 indicates the presence of that category,
while 0 means it is not present.

5. Handling Missing Data

Sometimes, information is missing from
the dataset. There are different ways to
handle this. One method is to fill in the
missing values using an average or the
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most common value. Another approach is
to use smart techniques to estimate miss-
ing data based on other similar values. If
the missing data is not useful or too much
of it is missing, we might choose to re-
move those records.

6. Summarizing Data

Instead of looking at thousands of records,
summarizing data helps in understanding
trends. If we have daily sales data, we can
add up the numbers to see total sales per
month. We can also calculate the average
age of customers, identify the most com-
mon product purchased, or find out which
customer spends the most.

7. Visualizing Data

Charts and graphs make data easier to
understand. Histograms show how often
different values appear. Scatter plots help
identify relationships, such as whether
older customers tend to spend more. Box
plots highlight unusual values, called out-
liers, that may need further investigation.

8. Creating New Features (Feature En-
gineering)

New useful information can be created
from existing data. If we have a date col-
umn, we can break it into separate columns
for day, month, and year to analyze trends.
If we have a total purchase amount, we
can create a new category such as “High
Spender” or “Low Spender” based on
spending limits.

EDA is important because it helps us un-
derstand data before making decisions or
predictions. Once the data is clean and
structured, it can be used for deeper anal-
ysis, such as building models or making
informed business choices.

4.1.3 Statistical Methods in
Exploratory Data Analysis
(EDA)

Statistical analysis is an important part of
Exploratory Data Analysis (EDA). It helps
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to summarize data, find patterns, and make
decisions based on data. The main goal is
to understand the structure of the data and
check for trends. It also helps in testing as-
sumptions and ensuring that the results are
reliable. By using statistical methods, raw
data can be converted into useful informa-
tion. This makes decision-making easier
and more accurate.

Statistical analysis is useful in many ways.
First, it gives a numerical way to under-
stand data. Visual charts help to see pat-
terns quickly, but numbers provide a clear
and precise understanding. For example,
calculating the mean, median, and stan-
dard deviation helps to know how data
is spread and what the typical values
are. Second, statistical analysis helps to
find relationships between different data
points. A correlation coefficient shows
how strongly two things are related. This
is useful when working with multiple vari-
ables. For example, checking the relation-
ship between advertising cost and sales
can help businesses plan better marketing
strategies.

4.1.4 Important Descriptive
Statistical Techniques in EDA

Descriptive statistics help summarize and
understand data in Exploratory Data Anal-
ysis (EDA). These techniques provide a
clear picture of the dataset before applying
advanced methods. The key descriptive
statistical techniques include measures of
central tendency, measures of variability,
and data distribution analysis.

4.1.4.1 Measures of Central
Tendency

Measures of central tendency are statisti-
cal metrics that describe the center point or
typical value of a dataset. These measures
provide a single value that represents the
middle or center of the data distribution.
Understanding the central tendency is



crucial in data analysis because it gives a
quick summary of the dataset and allows
for easy comparison between different
data sets. The three main measures of cen-
tral tendency are the mean, median, and
mode.

The mean, commonly known as the aver-
age, is calculated by summing all the val-
ues in a dataset and then dividing by the
number of observations. It is a straightfor-
ward and widely used measure of central
tendency.

For example, if you have a dataset of test
scores like [70, 80, 90, 85, 95], the mean
is calculated as:

(70 + 80 + 90 + 85 + 95) / 5, which equals
84.

The mean is useful because it considers all
values in the dataset, providing a compre-
hensive measure of the central location.
However, it can be heavily influenced
by outliers. For instance, if one student
scored exceptionally low or high com-
pared to others, it would skew the mean.

The median is the middle value in a data-
set when the values are arranged in as-
cending or descending order. It is partic-
ularly useful when the dataset has outliers
or is skewed because it is not affected by
extreme values.

For example, consider the dataset [10, 20,
30, 40, 100]. Here, the median is 30, as it
is the middle value when the numbers are
sorted. If the dataset has an even number
of observations, the median is the average
of the two middle values. For example, in
the dataset [10, 20, 30, 40], the median
would be:

(20 + 30) / 2, which equals 25.

The median provides a better central mea-
sure for skewed distributions.
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The mode is the value that appears most
frequently in a dataset. It is the only mea-
sure of central tendency that can be used
with nominal data (categorical data).

For example, if you have a dataset repre-
senting the colors of cars in a parking lot
like [red, blue, blue, green, red, red], the
mode is “red” because it appears the most
frequently. In some datasets, there might
be no mode (no value repeats), or there
might be multiple modes (more than one
value repeats the same number of times).
The mode is particularly useful for cat-
egorical data and for understanding the
most common value in a dataset.

Each measure of central tendency has its
strengths and weaknesses, and the choice
of which one to use depends on the nature
of the data and the specific context of the
analysis. The mean is useful for datasets
without outliers and where every value
needs to be considered. The median is
better for skewed datasets or when there
are outliers. The mode is most appropriate
for categorical data or to identify the most
common value in a dataset. For instance,
if you are analyzing the income levels in
a neighborhood, where a few high-income
earners might skew the data, the median
income would give a more accurate rep-
resentation of the typical income level
than the mean. On the other hand, if you
are calculating the average score of stu-
dents in an exam where scores are fairly
normally distributed, the mean would be
a good measure. If you are looking at the
most common shoe size sold in a store, the
mode would be the most relevant measure.
Measures of central tendency are essential
tools in data analysis, providing a summa-
ry of a dataset with a single value that rep-
resents the center of the data. The mean,
median, and mode each offer unique in-
sights, and their appropriate use depends
on the data’s characteristics and the analy-
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sis’s specific needs. Properly understand-
ing and applying these measures ensures
a clear and concise interpretation of the
data, leading to well-informed decisions.

4.1.4.2 Measures of Variability

Measures of variability are statistical tools
that describe the spread or dispersion of
data points within a dataset. While mea-
sures of central tendency (like mean,
median, and mode) provide information
about the center of the data, measures of
variability help us understand how much
the data points differ from the center. They
are crucial for gaining a comprehensive
understanding of the dataset’s distribution
and are key in identifying the extent of
variation within the data. The main mea-
sures of variability are the range, vari-
ance, and standard deviation.

The range is the simplest measure of vari-
ability. It is calculated by subtracting the
smallest value in the dataset from the larg-
est value.

For example, in a dataset of test scores
like [65, 70, 75, 80, 85], the range is 85 -
65, which equals 20. The range provides a
quick sense of the spread of the data, but
it is highly sensitive to outliers. If there is
an unusually high or low value, the range
can be misleading. Despite its simplicity,
the range is useful for getting a basic idea
of the spread of data, especially in small
datasets.

Variance measures the average of the
squared differences between each data
point and the mean. It gives us an idea of
how much the data points vary from the
mean. A higher variance indicates that the
data points are more spread out from the
mean, while a lower variance indicates
that they are closer to the mean.

For example, in a dataset of daily tem-
peratures [70, 72, 68, 71, 73], we first cal-
culate the mean, which is 70.8. Then, we
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find the squared differences from the mean
for each data point, sum these squared
differences, and divide by the number of
observations. This gives us the variance.
Although it provides a good measure of
spread, variance is in squared units, which
can make it less intuitive to interpret di-
rectly.

Standard deviation is the square root of
the variance and is expressed in the same
units as the original data, making it easier
to interpret. It provides a measure of the
average distance of each data point from
the mean. For example, if the standard de-
viation of a dataset of exam scores is 5,
it means that, on average, each score is 5
points away from the mean score. A small
standard deviation indicates that the data
points are close to the mean, while a large
standard deviation indicates that they are
spread out over a wider range. Standard
deviation is widely used in statistics and
data analysis because it is easy to interpret
and provides a clear measure of variabil-

1ty.

The interquartile range (IQR) measures
the spread of the middle 50% of the data.
It is calculated by subtracting the first
quartile (25th percentile) from the third
quartile (75th percentile). For example, in
a dataset of household incomes, if the first
quartile is $30,000 and the third quartile
is $70,000, the IQR is $40,000. The IQR
is particularly useful for understanding
the spread of the data while minimizing
the impact of outliers, as it focuses on the
central portion of the dataset.

Example:

Consider a dataset of monthly sales fig-
ures for a small business: [1000, 1200,
1100, 900, 1300, 1150, 1050]. The range
of this dataset is 1300 - 900, which equals
400. The mean sales figure is 1100. To
calculate the variance, we find the squared
differences from the mean for each sales



figure, sum these squared differences, and
divide by the number of observations. The
standard deviation, being the square root
of the variance, gives us a measure of how
much the sales figures vary from the mean
in the same units as the original data. If the
standard deviation is low, the sales figures
are close to the mean; if it is high, they are
more spread out.

Measures of variability are essential for
understanding the distribution and spread
of data points in a dataset. They comple-
ment measures of central tendency by pro-
viding additional context about the data.
The range offers a quick look at the spread,
while variance and standard deviation
provide a more detailed and interpretable
measure of variability. The interquartile
range helps understand the spread of the
central portion of the data while reduc-
ing the impact of outliers. By using these
measures, analysts can gain a more com-
plete picture of their data, leading to better
insights and more informed decisions.

4.1.4.3 Data Distribution

Data distribution shows how data points
are spread across different values. It helps
to identify patterns and trends, making it
easier to analyze and make decisions. Un-
derstanding data distribution is important
because it influences how we interpret
data and choose statistical methods.

Types of Data Distribution

A normal distribution, also called a Gau-
ssian distribution, has a symmetrical bell-
shaped curve. Most values are close to the
mean, with fewer values on either side.
The mean, median, and mode are equal
and located at the center. In a normal dis-
tribution, about 68% of data falls within
one standard deviation of the mean, 95%
within two, and 99.7% within three. Ex-
amples include human heights, 1Q scores,
and measurement errors.
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A skewed distribution is not symmet-
rical and has a longer tail on one side. If
the tail extends to the right, it is positive-
ly skewed (right-skewed), meaning the
mean is greater than the median. Income
distribution is a common example, where
most people earn below the average, but
a few high earners pull the mean higher.
If the tail extends to the left, it is nega-
tively skewed (left-skewed), meaning the
mean is less than the median. An example
is retirement age, where most people re-
tire around the same time, but some retire
much earlier.

A uniform distribution has all values oc-
curring with equal probability, forming a
flat, rectangular shape. Rolling a fair die is
an example, where each number (1-6) has
the same chance of appearing.

A bimodal distribution has two peaks
or modes, meaning there are two distinct
groups within the data. For example, the
height distribution of a population that in-
cludes both children and adults may have
two peaks, one for each group.

Kurtosis measures how extreme the val-
ues in a dataset are. High kurtosis means
more extreme values or outliers, leading
to a sharp peak. Low kurtosis indicates
a flatter distribution with fewer outliers.
This is useful in fields like finance, where
high kurtosis in stock returns may signal
frequent large gains or losses.

Visualizing Data Distribution

Histograms show how often data points
appear within certain ranges. They help in
understanding the shape, central tendency,
and spread of data.

A box plot summarizes data using the me-
dian, quartiles, and extremes. It helps in
detecting outliers. The box represents the
middle 50% of data (interquartile range),
while whiskers extend to the smallest and
largest values within this range. Any value
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outside 1.5 times the interquartile range is
considered an outlier.

A probability plot, such as a Q-Q plot,
compares the dataset to a known distribu-
tion. If the data follows the expected dis-
tribution, the points form a straight line. If
the points deviate, the data does not match
the assumed distribution.

Bivariate Analysis

Bivariate analysis examines the relation-
ship between two variables. It helps in
understanding how one variable affects
another.

Correlation measures the strength of the
relationship between two numerical vari-
ables. If the correlation coefficient is posi-
tive, both variables increase together. If it
is negative, one variable decreases as the
other increases. For example, if age and
salary have a correlation of 0.6, it suggests
that older employees generally earn more.
A scatter plot represents each data point
with one variable on the x-axis and the
other on the y-axis. If the points form an
upward trend, there is a positive relation-
ship. If they slope downward, there is a
negative relationship.

When both variables are categorical, a
summary table called a contingency table
is used. For example, if a company wants
to compare salary ranges across depart-
ments, a contingency table can show how
salaries vary across different teams.

A company analyzing age and salary
might use a scatter plot to check trends. If
younger employees earn much less, they
might review salary policies. If no strong
trend is found, they may decide to keep
the existing structure.

Univariate Analysis

Univariate analysis is the statistical exam-
ination of a single variable in a dataset. It
focuses on summarizing and describing the
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variable’s characteristics using descrip-
tive statistics (e.g., mean, median, mode)
and visualizations (e.g., histograms, box
plots). This type of analysis helps in un-
derstanding the distribution, central ten-
dency, and variability of the data

4.1.5 Inferential Statistics

While descriptive statistics summarize
the data, inferential statistics make pre-
dictions or inferences about a population
based on a sample. Techniques such as
hypothesis testing, confidence intervals,
and regression analysis are commonly
used in inferential statistics. For example,
hypothesis testing might be used to deter-
mine whether a new drug is more effective
than an existing one, based on sample data
from clinical trials.

Correlation analysis determines the stren-
gth and direction of the link between two
variables. In terms of positive correla-
tion, it could be said that an increase in
one variable results in an increase in the
second one as well. In terms of negative
correlation, it must be said that an increase
in one variable results in a decrease in an-
other one. The regression analysis can be
viewed as a method that establishes the
link between the dependent and one or
more independent variables. Simple lin-
ear regression can help to predict sales on
the basis of the advertising expenses and
other indicators. In terms of hypothesis
testing, it 1s a method that is employed to
make decisions based on data. One starts
with a particular assumption and tests it
with the help of statistical tools. In gen-
eral, the null hypothesis can be viewed
as the statement about no effect or no dif-
ference while the alternative hypothesis
is concerned with the effect or difference
against which some test is being conduct-
ed. For example, a company can say that
the new product launch can boost sales.
The hypothesis regarding this effect will
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be tested by comparing the sales figures
before and after the new product launch
becomes available.

4.1.6 Practical Applications in
EDA

EDA has also contributed significantly
to improving business performance, as it
helps analyze historical data and create ac-
curate forecasts for new products. Using
EDA tools, a company can demonstrate
the relevance of its assumptions and prof-
itable sales of some specific items, as well
as witnessing the interest of customers
with varying income in sales of a partic-
ular item. The use of EDA benefits busi-
nesses by analyzing their customers and
suggests ways to predict sales and retain
single customers.

One of the most common applications of
EDA in business and marketing is cus-
tomer segmentation. By exploring cus-
tomer data, businesses can identify dis-
tinct groups based on purchasing behavior,
demographics, or other relevant criteria.
For instance, using EDA techniques such
as clustering and visualization, a retail
company might discover that its custom-
ers fall into three main segments: bud-
get-conscious shoppers, frequent buyers,
and premium customers. Understanding
these segments allows businesses to tailor
their marketing strategies, optimize prod-
uct offerings, and enhance customer satis-
faction. EDA is also widely used for sales
analysis. By examining sales data, compa-
nies can identify trends, seasonal patterns,
and outliers. For example, a company
might use EDA to explore monthly sales
figures and discover that sales peak during
the holiday season and dip in the summer.
Such insights enable businesses to plan
inventory, manage resources efficiently,
and develop targeted promotions to boost
sales during slower periods.
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In healthcare, EDA helps by revealing
patterns in patient data to improve treat-
ment plans, identifying risk factors for dis-
eases, and tracking the spread of illness-
es like COVID-19. It enables healthcare
providers to make informed decisions,
enhance patient outcomes, and allocate
resources more efficiently. In healthcare,
EDA plays a vital role in analyzing patient
data to improve treatment outcomes and
operational efficiency. For example, by
exploring data on patient demographics,
medical history, and treatment responses,
healthcare providers can identify patterns
that lead to better patient care. EDA can
help reveal which treatments are most
effective for specific patient groups or
highlight potential risk factors for certain
conditions. EDA is essential in epidemi-
ological studies to understand the spread
and impact of diseases. By analyzing data
on infection rates, demographics, and geo-
graphic distribution, public health officials
can identify trends and risk factors associ-
ated with disease outbreaks. For instance,
during the COVID-19 pandemic, EDA
was used to track the spread of the virus,
identify hotspots, and inform public health
interventions.

In the finance industry, EDA is crucial
for detecting fraudulent activities. By
exploring transaction data, analysts can
identify unusual patterns or outliers that
may indicate fraud. For example, if a cred-
it card company notices an unusual spike
in transactions from a customer’s account
in a short period, EDA techniques such as
anomaly detection can flag this as poten-
tial fraud for further investigation. EDA is
also used in investment analysis to explore
historical market data, identify trends, and
make informed decisions. For example, by
analyzing stock price movements, trading
volumes, and economic indicators, inves-
tors can uncover patterns that inform their
investment strategies. EDA helps inves-
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tors assess risks, evaluate performance,
and optimize their portfolios.

In the field of education, EDA is used
to analyze student performance data. By
exploring grades, attendance records, and
other relevant metrics, educators can iden-
tify factors that influence academic suc-
cess. For example, EDA might reveal that
students who participate in extracurricu-
lar activities tend to have higher grades.
Such insights can guide interventions and
support programs to improve student out-
comes. EDA can also inform curriculum
development by analyzing data on course
enrollment, student feedback, and perfor-
mance. By examining trends in these ar-
eas, educators can identify which courses
are most popular, which topics students
struggle with, and how to improve the cur-
riculum to better meet student needs.

In manufacturing, EDA is applied to
quality control processes. By analyzing
production data, manufacturers can iden-
tify defects, variations, and process inef-
ficiencies. For example, EDA might re-
veal that a particular machine consistently
produces defective parts during certain
shifts. This insight allows manufacturers
to investigate and address the root cause,
improving overall product quality. EDA
is also used to optimize supply chain op-
erations. By exploring data on inventory
levels, supplier performance, and delivery
times, companies can identify bottlenecks
and inefficiencies. For instance, EDA
might highlight that delays in receiving
raw materials from a specific supplier are
causing production slowdowns. Compa-
nies can use this information to renegoti-
ate contracts, find alternative suppliers, or
adjust inventory management strategies.

Exploratory Data Analysis (EDA) has
practical applications across various
fields, from business and healthcare to fi-
nance, education, and manufacturing. By
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providing a comprehensive understand-
ing of data, EDA helps uncover patterns,
identify anomalies, test assumptions, and
generate hypotheses. These insights en-
able organizations to make informed de-
cisions, optimize processes, and improve
outcomes. Whether it’s segmenting cus-
tomers, analyzing patient data, detecting
fraud, assessing student performance,
or controlling product quality, EDA is
an invaluable tool for data-driven deci-
sion-making.

Consider a retail company that wants to
understand the factors influencing cus-
tomer purchases. The company collects
data on customer age, income, gender, and
purchase amounts. Descriptive statistics
reveal that the average purchase amount is
$50, with a standard deviation of $10. Fur-
ther, correlation analysis shows a strong
positive correlation between income and
purchase amount, indicating that high-
er-income customers tend to spend more.

Regression analysis is then used to pre-
dict purchase amounts based on age and
income. The analysis reveals that both
factors significantly influence spending,
with income being the stronger predic-
tor. Hypothesis testing confirms that these
relationships are statistically significant,
providing the company with actionable
insights to tailor its marketing strategies.

Statistical analysis is an indispensable part
of EDA, providing the tools necessary to
understand and interpret data. By employ-
ing techniques such as descriptive statis-
tics, correlation, regression analysis, and
hypothesis testing, analysts can uncover
valuable insights and make informed de-
cisions. The implications of these analyses
extend across various domains, enhancing
decision-making processes, optimizing
strategies, and improving outcomes. As
such, mastering statistical analysis is es-
sential for anyone involved in data-driven
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fields.

Tools for EDA

EDA is a crucial step in the data analysis
process. It helps you understand the data,
identify any issues, and inform the next

Python Libraries: Pandas, Matplotlib, steps of your analysis. By following the
Seaborn, Plotly. steps outlined and using the appropriate

R Packages: dplyr, ggplot2. tools, you can uncover valuable insights

Software: Excel, Power BI, Tableau.

and make informed decisions based on
your data.

Recap

Exploratory Data Analysis (EDA) Definition and Importance

¢

¢

¢

¢

¢

Analyzing and summarizing data to find patterns, trends, and relationships.
Helps identify distribution, outliers, and anomalies.

Guides hypothesis testing and model selection.

Uses graphical methods for better insights.

Fundamental step before machine learning and predictive analytics.

Objectives of EDA

¢

¢

¢

¢

Understand data structure, distribution, and patterns.
Detect and address anomalies and outliers.
Generate hypotheses for further statistical testing.

Ensure data quality before modeling.

Steps in EDA

¢

¢

Collecting Data : Gather from sources like databases, APIs, spreadsheets.
Cleaning Data : Handle missing values, remove duplicates, correct errors.
Transforming Data : Normalize or standardize for better comparison.
Converting Categorical Data : Use one-hot encoding or label encoding.
Handling Missing Data : Fill missing values with mean/median or remove.

Summarizing Data : Calculate mean, median, mode, variance, standard
deviation.

Visualizing Data : Use histograms, scatter plots, box plots.
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¢ Creating New Features (Feature Engineering) : Generate new variables from

existing ones.

Statistical Methods in EDA

¢

¢

¢

¢

Descriptive Statistics : Mean, median, mode, standard deviation.
Correlation Analysis : Measures relationships between variables.
Regression Analysis : Predicts outcomes based on relationships.

Hypothesis Testing : Validates assumptions using statistical tests.

Descriptive Statistical Techniques

¢

¢

Measures of Central Tendency : Mean, median, mode.

Measures of Variability : Range, variance, standard deviation, interquartile
range (IQR).

Data Distribution

¢ Normal Distribution : Symmetrical, bell-shaped curve.

¢ Skewed Distribution : Positively or negatively skewed.

¢ Uniform Distribution : All values equally probable.

¢ Bimodal Distribution : Two peaks indicating different groups.

¢ Kurtosis : Measures peak sharpness and outliers.

Data Visualization Techniques

¢

¢

¢

2

Histograms : Show frequency of data points.
Box Plots : Highlight median, quartiles, and outliers.
Scatter Plots : Identify relationships between two variables.

Probability Plots (Q-Q Plots) : Check if data follows a theoretical distribution.

Bivariate Analysis

¢

¢

¢

Correlation : Measures the strength and direction of relationships.
Scatter Plots : Visual representation of relationships.

Contingency Tables : Used for categorical variables.

Inferential Statistics in EDA

¢

¢

Hypothesis Testing : Validates relationships between variables.
Confidence Intervals : Estimate population parameters from sample data.

Regression Analysis : Establishes relationships between dependent and
independent variables.
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Practical Applications of EDA

¢

Business & Marketing : Customer segmentation, sales trends, inventory
planning.

Healthcare : Patient data analysis, treatment effectiveness, disease tracking.
Finance : Fraud detection, investment strategy analysis.
Education : Student performance analysis, curriculum improvement.

Manufacturing : Quality control, process optimization, supply chain efficie-
ncy.

EDA Tools

¢

¢

¢

Python Libraries : Pandas, Matplotlib, Seaborn, Plotly.
R Packages : dplyr, ggplot2.

Software : Excel, Power BI, Tableau.

Objective Type Questions

PCRgEER SO AR RN I

_ = =
NN = O

13.
14.
15.

What is the main purpose of Exploratory Data Analysis?

Who introduced the concept of EDA in 1977?

Which type of distribution has a symmetrical bell-shaped curve?

What is the most frequently occurring value in a dataset called?

Which measure of dispersion is the square root of variance?

What type of plot is used to detect outliers using quartiles?

Which statistical method measures the relationship between two variables?
What transformation technique scales data between 0 and 1?

What is the term for creating new variables from existing data?

. What is the simplest measure of variability?
. Which graphical method helps check if data follows a normal distribution?

. What is the main statistical technique used to make predictions based on

data?
What industry uses EDA for fraud detection?
Which programming language provides Pandas and Seaborn for EDA?

What is the term for summarizing data into a contingency table for categorical
variables?
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Answers to Objective Type Questions

Analysis

Tukey

Normal

Mode

Standard deviation
Box plot
Correlation

Normalization

O N -

Feature engineering

—
S

. Range
. Q-Q plot

. Regression

—_— =
w N =

. Finance
. Python

—_ =
(U, B SN

. Cross-tabulation

Assignments

1. Explain the role of Exploratory Data Analysis (EDA) in machine learning.
2. Describe the steps involved in Exploratory Data Analysis.

3. Compare and contrast descriptive and inferential statistical methods in EDA.

Reference

1. Joel Grus, Data science from scratch O’ Reilly Media Inc, 2015 ISBN:
9781491901427 Cathy o’Neil and Rachel Schutt Doing data science, straight
talk from the frontline O’Reilly 2015

2. Jiawei Han, Micheline Kamber and jain pei “ Data mining concepts and
techniques” Third edition ISBN 0123814790,2011.

3. Jojo Moolayil, “Smarter Decisions: The Intersection of IoT and Data
Science”, PACKT, 2016.
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Unit 2

Statistical Foundations of Exploratory
Data Analysis

Learning OQutcomes

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

¢ familiarise the concept of sample size and its importance in Exploratory
Data Analysis (EDA).

¢ explain the relationship between population size, confidence level, and
sample size determination.

¢ identify the impact of sample size on statistical accuracy, margin of error,
and power of a study.

¢ cxplore different multivariate analysis techniques such as PCA, cluster
analysis, and MANOVA.

Prerequisites

The average, often referred to as the mean, is a measure of central tendency that summa-
rizes a set of values by identifying the central point within that dataset. It is calculated
by summing all the values and dividing by the total number of values. The average is
widely used in statistics to provide a quick snapshot of the data. There are different
types of averages, including Arithmetic Mean (The most common type, calculated by
adding all the values and dividing by the number of values), Median (The middle value
when the data is ordered from least to greatest), and Mode (The value that appears most
frequently in the dataset).

Sample size refers to the number of observations or data points collected in a sample. It
is a crucial factor in statistical analysis because it impacts the reliability and precision
of the results. A larger sample size generally leads to more accurate and stable esti-
mates of the population parameters. Key considerations regarding sample size include:
Adequacy (Ensuring the sample size is large enough to detect a meaningful effect or
difference), Power (The ability of a study to detect an effect if there is one, which
increases with larger sample sizes), and Representativeness (Ensuring the sample accu-
rately reflects the population being studied).

Univariate distributions involve a single variable and describe its frequency distribu-
tion. Key characteristics of univariate distributions include central tendency, dispersion,




and shape. Common types of univariate distributions are: Normal Distribution: Sym-
metrical, bell-shaped distribution characterized by its mean and standard deviation,
Binomial Distribution: Describes the number of successes in a fixed number of binary
(yes/no) experiments, and Poisson Distribution: Describes the number of events occur-
ring within a fixed interval of time or space.

Univariate analysis helps in understanding the distribution and spread of a single vari-
able through tools like histograms, box plots, and summary statistics. Multivariate
distributions involve two or more variables and describe their joint behavior. These
distributions are crucial for understanding relationships and dependencies between
variables. Key aspects include Joint Distribution: Describes the probability of different
combinations of variables., Marginal Distribution: The distribution of a subset of the
variables within a multivariate distribution, and Conditional Distribution: Describes the
distribution of one variable given the presence of another. Multivariate analysis can be
visualized using scatter plots, pair plots, and correlation matrices, helping to identify
patterns and relationships between variables.

Key words

Confidence level, Z-score, margin of error, Multivariate analysis, PCA, MANOVA

Discussion
4.2.1 Sample

Sample size is an important concept in
statistics, especially in Exploratory Data
Analysis (EDA). It refers to the number
of observations or data points taken from
a population for analysis. The sample size
plays a key role in determining the reli-

ing 1000 people will usually give a more
accurate result than measuring only 10
people. A larger sample better represents
the diversity of the population, leading to
more reliable conclusions.

One of the major implications for EDA is
that when the sample size increases, the

ability and accuracy of the results. A larger
sample size generally leads to more reli-
able and valid conclusions.

Understanding the importance of sample
size, how to determine it, and its impact
on EDA is essential for any data analyst.
The size of the sample affects the accuracy
of statistical estimates. When more data
is analyzed, the estimates of population
characteristics become more precise and
less affected by outliers.

For example, if we want to estimate the
average height of a population, measur-
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sampling error (the difference between
the value calculated from the sample and
the actual value in the whole population)
becomes smaller. To put it simply, large
sample size contributes to the decrease in
sampling error, which allows making the
analysis results more error-proof, and, as
a result, making more correct inferences
about the population based on the sample
data.

The degree to which a sample is gener-
alizable to other populations hinges on
the sample size. Large samples are better
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placed to capture a population’s diversity
and variations, making them more repre-
sentative of the sampled population. This
can ensure that there is generalizability of
analysis results to the rest of the popula-
tion. However, sometimes it is difficult to
determine the best sample size for a study,
and there are several reasons for this. Here,
we will examine some of the reasons.

4.2.2 Population size

Population Size is the number of the popu-
lation that must be taken into consideration
while deciding on the sampling. It defines
the total number of the individuals or ob-
servations within the whole group they are
researching. However, for extremely large
populations, the sample does not have to
be a big fraction of the population. In oth-
er words, it still needs to be enough so that
the researchers could consider all aspects
of the population. At the same time, small-
er populations require a bigger fraction of
the population to be observed:

The example presents the research that
studies the employees of a small compa-
ny, which has up to 50 employees. In this
case, the fraction has to be much bigger
compared to researching workers from the
big and successful company.

4.2.3 Confidence Level

Determining the appropriate sample size
for a study is crucial for ensuring reliable
and valid results. The confidence level
plays a critical role in this process, rep-
resenting the probability that the popula-
tion parameter will fall within the range
specified by the sample estimate. Under-
standing confidence levels helps in mak-
ing accurate inferences from sample data
to the broader population. A confidence
level indicates how confident you can
be that the sample results reflect the true
population parameters. Common confi-
dence levels are 90%, 95%, and 99%. For
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instance, a 95% confidence level means
that if you were to take 100 different sam-
ples and compute a confidence interval for
each sample, approximately 95 of the 100
confidence intervals will contain the true
population parameter.

4.2.3.1 Z-Scores and Confi-dence
Levels

Each confidence level corresponds to a
specific Z-score (a standard score in the
context of the normal distribution). The
Z-score represents the number of standard
deviations a data point is from the mean.
Here are some common Z-scores for dif-
ferent confidence levels:

¢ 90% Confidence Level: Z-score
=~ 1.645

¢ 95% Confidence Level: Z-score
~1.96

¢ 99% Confidence Level: Z-score
~2.576

These Z-scores are used in the formula for
calculating the sample size.
4.2.3.2 Sample Size Formula

For estimating a population mean, the
sample size (n) can be calculated using the
following formula:

n= (Y

where:

¢ 7 is the Z-score corresponding
to the desired confidence level,

¢ o is the population standard
deviation,

¢ E is the margin of error.
Example

Suppose a researcher wants to estimate the
average height of adult men with a 95%
confidence level and a margin of error of



2 cm. If the standard deviation of heights
is known to be 10 cm, the required sample
size can be calculated as follows:

n= (Y

1.96+ 10
n= (T)2 = 9.8 = 96.04

Therefore, approximately 96 participants
are needed to achieve a 95% confidence
level with a 2 cm margin of error.

Choosing a higher confidence level like
99% increases certainty. It means there is
a greater chance that the population pa-
rameter is within the given range. A higher
confidence level makes the estimate more
reliable. However, it may also require a
larger sample size, leading to the reduc-
tion of the margin of error that makes es-
timates more precise. In turn, choosing
a lower confidence level for example, a
90% confidence level is associated with
a lower number of samples needed to be
included, beneficial from the data collec-
tion and cost point. However, it leads to
the fact that the researcher has a lower
certainty that a given population parame-
ter is contained within the specified range,
increasing the chances of error. This way,
researchers should take into account the
desired level of confidence and include it
or not depending on the resources and time
available or the level of precision needed.
For high-stakes decisions and research, a
higher confidence level is recommended
despite the cost, whereas in general, ex-
ploratory studies, a lower level of confi-
dence will be acceptable.

4.2.4 Margin of Error in
Exploratory Data Analysis
(EDA)

The margin of error is one of the signif-
icant topics in statistics and Exploratory
Data Analysis tools. It shows the range in
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which the actual parameter of the popula-
tion lies with a fixed level of confidence.
In other words, it illustrates the precision
of the reliability of sample estimates. In
particular, the margin of error measures
the uncertainty of derived estimates of the
sample. Moreover, it shows how closely
the sample statistic is to the unknown val-
ue of the population parameter. It is also
significant to note that smaller margins of
error reveal more precise sample estimates
while large ones are defined by greater in-
accuracy.

The margin of error (E) can be calculated
using the formula:

E=Z7* (7n)

where:

¢ Z isthe Z-score corresponding
to the desired confidence level,

¢ o is the population standard
deviation,

¢ nis the sample size.

Example

Suppose a researcher wants to estimate the
average height of adult men with a 95%
confidence level. If the standard deviation
of heights is 10 cm and the sample size is
100, the margin of error is calculated as
follows:

10

—)=1.96
v 100
Thus, the margin of error is 1.96 cm. This
means the true average height of adult
men is likely within 1.96 cm of the sample
mean.

E =1.96 * (

4.2.4.1 Precision and Confidence
of Margin of Error

It is important to understand the precision
and confidence of the margin of error in
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terms of any statistical analysis. The mar-
gin of error describes a range in which the
true population parameter can be located
relative to a given level of confidence.
Precision measures how close an estimate
from a given sample is to the true param-
eter within the population. Specifically,
the margin of error and its precision are
inversely related: as the margin of error
becomes more limited, it becomes more
precise as well. The following factor in-
fluence precision:

Sample Size: A larger sample will reduce
the margin of error and therefore come
closer to the true value.

Variability in the data: The data with a
smaller standard deviation will also have
a smaller margin of error.

Confidence refers to the percentage of
how sure a person can be that a margin
of error contains the true population pa-
rameter. The estimated margin of injuries
is generally associated with a confidence
level, such as 90% or 95 %. The 95% con-
fidence level for a given survey would
mean that about 95 out of 100 intervals
each would contain the actual margin of
error for a population parameter. For ex-
ample, if a survey states a 95% confidence
level with a margin of error of £2 cm, it
means we can be 95% sure that the true
average height of adult men lies within 2
cm of the sample estimate.

4.2.4.2 Balancing Precision and
Confidence

The margin of error increases when the
confidence level increases. This means
that if a study aims to be more confident
in its results, the confidence interval will
become wider. A larger margin of error
makes the estimate less precise, but it also
increases certainty that the true value falls
within the given range. On the other hand,
a smaller margin of error provides more
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precise estimates but with less confidence.
There is always a trade-off between preci-
sion and confidence.

For example:

In high-stakes decisions, such as medical
research, a 99% confidence level with a
5% margin of error may be preferred to
ensure high accuracy.

In exploratory studies, where exact pre-
cision is not critical, a lower confidence
level with a smaller margin of error might
be acceptable.

4.2.5 Power of the Study

The required power of a study is an im-
portant consideration in the determination
of an appropriate sample size for an ex-
ploration of data. Power is defined as “the
probability that the study will detect an ef-
fect when there is an effect to be detected”.
A study with higher power has a reduced
occurrence of type Il error, or being un-
able to reject the null hypothesis when it
is false. The power of a study is the proba-
bility that it correctly rejects the null when
there is an alternative. The generally ac-
cepted power value is 0.80, equivalent to
80%, which indicates that there is an 80%
probability of detecting an effect if one
exists. Higher power is better because it
ensures that the study is sensitive enough
to detect effect sizes that are practically
significant, and, as a result, the findings
will be more valid and reliable. In addi-
tion, it is particularly important for studies
in fields that have great implications such
as medicine, social sciences, and finance.

4.2.5.1 Larger Sample Sizes
Increase Power

More data points mean a clearer picture
of a population and a greater chance of
detecting true effects. Researchers plan-
ning a study must consider how many
observations they need to satisfy their tar-



get power. Larger effect sizes are easier
to detect, increasing power. Researchers
should decide in advance how big an ef-
fect to expect, based on what they believe
from prior studies or pilot data. The sig-
nificance level establishes a limit beyond
which results are not consistent with the
null hypothesis. If the significance level is
set at 0.01 instead of 0.05, for example,
it will be harder to detect an effect pow-
er will be lower. This may allow you to
control your type I error more effectively
by ensuring that the null hypothesis is not
discarded unless you are very sure that it
is. However, you now face a greater risk
of committing a type II error, reaching the
opposite conclusion when the effect size is
truly nonzero, of course. Each researcher
must choose a balance point.

Power is also increased by less variabil-
ity, perhaps within a more homogeneous
sample or with a precise-measurement
technology. With less variability within
the entire population or less noise in the
measurements, the “true effect” is more
likely to be seen, providing greater pow-
er. Power analysis is the process used to
measure the sample size you need to meet
your target power.

1. Setting the desired power level:
Typically 80% or 90%.

2. Estimating the effect size: Bas-
ed on previous research or pilot
studies.

3. Choosing the significance lev-
el: Often 0.05.

4. Considering population varia-
bility: Estimating the standard
deviation.

One of the major things that the power of
a statistical test tells is the extent to which
there is confidence in the test’s capabili-
ties to make accurate distinctions between
the true null hypothesis and the results of
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the test. Power analysis, a commonly used
test in the medical industry, is applied and
helps in the determination of how big of
a sample is required for the clinical trials.
Power analysis can also help in the deter-
mination of other types such as market-
ing and education. For example, if a firm
wants to compare customer satisfaction
between two products using a S5-point
satisfaction scale (ranging from 1 - Very
Dissatisfied to 5 - Very Satisfied), power
analysis helps determine how many par-
ticipants are needed to detect a significant
difference between the two products.

Proper determination of sample sizes is
extremely important for the precious va-
lidity of studies. For instance, to make a
sample representative and achieve a 95
percent confidence level with a 5 percent
margin of error within a population of one
million people and with a 50% variability,
one would need to have 384 samples. Such
results are possible to achieve through
proper planning and understanding of data

collection issues.

4.2.5.2 Data Quality

You will get a better quality of analysis
for larger numbers. The extreme values of
data have less effect as the number of data
increases. Thus, EDA patterns become
more reliable and insights into the data
have more quality.

4.2.5.3 Hypothesis testing

The power of the test relates directly to
the number of samples. So, as the num-
ber of samples increases, the probability
of finding a true effect increases. Because
a wrong null hypothesis passes less over
the critical value, thus strengthening the
power of the test.

4.2.5.4 Visualization and
Interpretation

With a larger sample size, visualizations
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become more meaningful and representa-
tive of the underlying data. Scatter plots,
histograms, and box plots derived from
larger samples provide clearer and more
reliable insights, making it easier to iden-
tify trends, distributions, and outliers.

Sample size is a critical consideration in
EDA, influencing the reliability, preci-
sion, and generalizability of the analysis
results. By understanding the factors that
determine sample size and its implica-
tions, analysts can ensure their data-driv-
en conclusions are robust and trustworthy.
Whether performing hypothesis tests, cre-
ating visualizations, or summarizing data,
choosing an appropriate sample size is
crucial for ensuring effective and accurate
data analysis.

We have already discussed the univariate
(mean, median, mode etc) and bivariate
analysis and its importance in EDA. In
this section let us consider all the other
multivariate analysis and its importance in
EDA.

4.2.6 Multivariate Analysis

Multivariate analysis is a type of analy-
sis that is used to analyze more than two
variables at the same time, to identify the
relationships between those variables with
the help of statistical features. Since such
type of analysis deals with more than two
variables and is not limited, it can be gen-
eralized to solve various applications in
different fields which include economics,
psychology, marketing, quality control,
genomics and so on. Described argumen-
tation above, first introduces the reason
and provides why multivariate analysis
can be applied in different disciplines.
There are several types of analysis, such
as principal component analysis, cluster
analysis, discriminant analysis and more.
For example, in principal component anal-
ysis, a data set is transformed into a new
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data frame with as many columns and
their principal components. These new
data help to see the correlations between
different variables.

Multivariate analysis encompasses ana-
lyzing more than two variables at the same
time to obtain insights and infer patterns
beyond the computed values from one or
two variables. It is a crucial data analy-
sis technique in numerous fields since it
provides more insights from the datasets.
There are several types of multivariate
analysis, and one of them is Principal
Component Analysis (PCA).

4.2.7 PCA

A brief background and explanation of it
were given in the previous course block.
PCA is used to transform our data to a new
set of variables that are uncorrelated and
capture most of the variance of our data.
As for the application of the PCA, let’s
choose the following one. It is utilized to
reduce a dataset of tens of thousands of
aspects that affect genetic makeup into a
few principal components that explain the
data’s variability.

4.2.7.1 Cluster Analysis

Cluster analysis groups data points into
clusters based on their characteristics.
This helps in identifying natural group-
ings within the data. For example, seg-
mentation of customers into different
groups based on their purchasing behavior
to tailor marketing strategies.

4.2.7.2 Factor Analysis

Factor analysis identifies underlying re-
lationships between variables by group-
ing them into factors. It is useful for data
reduction and structure detection. Under-
standing the underlying dimensions of
psychological traits measured by a battery
of tests is an example.



<

4.2.7.3 Discriminant Analysis

Discriminant analysis classifies observa-
tions into predefined groups based on pre-
dictor variables, helping to understand the
differences between these groups. An ex-
ample is classifying patients into different
health risk categories based on medical
history and lifestyle factors.

4.2.8 MANOVA (Multivariate
Analysis of Variance)

MANOVA extends ANOVA to multiple
dependent variables, examining if the
means of different groups differ across
several dependent variables simultane-
ously. Testing the effectiveness of differ-
ent treatments across multiple health out-
comes, such as blood pressure, cholesterol
levels, and weight.

By considering multiple variables simul-
taneously, multivariate analysis improves
the accuracy and robustness of predic-
tive models. This is crucial in fields like
finance and healthcare, where decisions
rely on precise predictions. Multivariate
analysis is a powerful tool in data analyt-
ics that enables the examination of com-
plex relationships among multiple vari-
ables. Its application in EDA is crucial
for uncovering deeper insights, reducing
data complexity, improving predictive
models, and enhancing decision-making.
By employing techniques like PCA, clus-
ter analysis, and MANOVA, analysts can
gain a comprehensive understanding of
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their data, leading to more informed and
effective decisions.

Sample size is one of the fundamental
concepts in statistics, and more impor-
tantly, in Exploratory Data Analysis. It
influences the validity and reliability of
the data analysis results. Highly-invested
sample sizes ensure more accurate esti-
mates because these reflect the true means
and variances in the broader population.
The impact this variable would have on
a sample selected from a certain popula-
tion increases not only the representative-
ness of the general population but also
the reliability of the specified sample. It
is possible to develop appropriate sample
sizes after the consideration of the size of
the population, margin of error, and con-
fidence levels. More specifically, high-
er confidence levels are associated with
larger samples, which reflect positively in
the level of precision and not in the cost.
As the effect of a particular sample size
parameter on EDA, the sample size deter-
mines the power of a study, which is the
probability that an effect will get detected.
Correct determination of the sample size
facilitates data analysis to provide better
results in visualization, testing of hypoth-
eses, and interpretation of these Electric
Daisy pictorials. Multivariate analysis is
the process of analyzing more than two
variables in order to notice the relation-
ships that exist all over the datasets and, in
extension, make better predictions.
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Recap

Sample Size

¢ Number of observations selected from a population for analysis.
¢ Larger sample sizes lead to more reliable and valid conclusions.

¢ Reduces impact of outliers and improves accuracy of statistical estimates.

¢ Larger samples decrease sampling error, making analysis results more

precise.
Population Size & Sampling
¢ Defines the total number of individuals in the target population.
¢ For large populations, a small fraction is sufficient for reliable results.

¢ Smaller populations require a larger fraction of samples for accuracy.

Confidence Level

¢ Probability that the population parameter falls within the estimated range.

¢ Common confidence levels: 90% (Z = 1.645), 95% (Z = 1.96), 99%
(Z =2.576).

¢ Higher confidence levels require larger sample sizes for precision.

Sample Size Calculation Formula

(%)

ne[Z2:°

E

where:

¢ 7 = Z-score for confidence level
¢ o = Population standard deviation

¢ E = Margin of error

Margin of Error (E)

E=2Z-

Slo

¢ Represents uncertainty in sample estimates.

¢ Smaller margin of error indicates higher precision.
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¢ Increases with higher confidence levels but decreases with larger sample
sizes.

Power of a Study
¢ Probability of detecting an effect when it exists.
¢ Higher power (80% or more) reduces Type Il errors.
¢ Larger sample sizes increase power, making results more reliable.
¢ Power analysis helps determine the required sample size.
Multivariate Analysis in EDA
¢ Analyzes multiple variables simultaneously for deeper insights.

¢ Principal Component Analysis (PCA) — Reduces data dimensionality while
retaining variance.

¢ Cluster Analysis — Groups data based on similarities.

¢ Factor Analysis — Identifies hidden relationships among variables.

¢ Discriminant Analysis — Classifies data into predefined groups.

¢ MANOVA — Examines differences across multiple dependent variables.
Impact of Sample Size on EDA

¢ Enhances visualization quality (scatter plots, histograms, box plots).

¢ Increases hypothesis test accuracy.

¢ Provides clearer insights and more generalizable conclusions.

¢ Balances precision and confidence in statistical estimates.

Objective Type Questions

What is sample size in the context of EDA?

Why is a larger sample size preferred in statistical analysis?
What is sampling error?

How does population size affect sample size determination?
What does a 95% confidence level indicate?

Which Z-score corresponds to a 95% confidence level?

N ey Bo» W=

What effect does a higher confidence level have on the margin of error?

@ SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics m




10.

I1.
12.
13.
14.

15.
16.
17.
18.
19.

20.
21.
22.

What happens to the margin of error when the sample size increases?
What term refers to the number of observations selected from a population?

What reduces when the sample size increases—sampling error or confidence
level?

What is the total number of individuals in the target population called?
What statistical measure represents uncertainty in sample estimates?
Which statistical concept determines the probability of detecting an effect?

What analysis technique reduces data dimensionality while retaining
variance?

What type of analysis groups data based on similarities?

What is the standard Z-score for a 99% confidence level?

What statistical test extends ANOVA to multiple dependent variables?
Which term refers to analyzing multiple variables simultaneously?

What increases when the confidence level is raised—precision or margin of
error?

What hypothesis error occurs when a true effect is not detected?
What term refers to the graphical representation of data distribution?

What statistical value is used in sample size determination along with
standard deviation and margin of error?

Answers to Objective Type Questions

SORNCORE IO g L

[ S G
A W NN = O

The number of data points analyzed in a sample

It increases the precision of statistical estimates

The difference between the sample statistic and the population parameter
Very large populations need only a small fraction as the sample

95% of the samples will contain the true population parameter

1.96

It increases the margin of error

It decreases

Sample size

. Sampling error
. Population size
. Margin of error
. Power

.PCA

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics



15.
16.
17.
18.
19.
20.
21.
22.

Cluster analysis
2.576

MANOVA
Multivariate analysis
Margin of error
Type II error
Histogram

Z-score

Assignments

1.

A survey company wants to estimate the average monthly electricity bill
of households in a city. If they need a 95% confidence level and a margin
of error of ¥50, with a standard deviation of X300, calculate the required
sample size for the study. Explain why sample size matters in this case.

A marketing team is using cluster analysis to segment customers based on
purchasing behavior. They have collected data from 500 customers and plan
to increase the sample size to improve accuracy. How will increasing the
sample size impact the clustering results?

A pharmaceutical company is testing a new drug and wants to ensure high
reliability in its results. They decide to increase the confidence level from
95% to 99%. Explain how this change affects the sample size and margin
of error. Should they increase the sample size? Justify your answer with
calculations.

Aresearcher is conducting a study on the average commute time of employees
in a large IT company. They collected data from 200 employees, but the
variability in responses is high. How can they improve the accuracy of their
estimate? Discuss the role of sample size, confidence level, and standard
deviation in making the results more reliable.

A financial analyst is using Principal Component Analysis (PCA) to reduce
the dimensionality of stock market data. The dataset consists of 1000 financial
indicators, but the sample size is small. Explain the potential challenges
faced when applying PCA to a small sample. How would increasing the
sample size improve the reliability of the analysis?
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Unit 3
Working with Text data

Learning OQutcomes

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

¢ understand the importance of text analytics and its applications in various
domains.

¢ familiarize with major text preprocessing techniques.
¢ explore feature extraction methods such as Bag of Words and TF-IDF.

¢ recall the role of word embeddings like Word2Vec and GloVe in improving
text analytics.

¢ recognize the challenges in text analytics and identify key tools like NLTK,
spaCy, and Gensim.

Prerequisites

You have already explored the statistical foundations of Exploratory Data Analysis
(EDA), examining numerical data, identifying patterns, and using visual tools like
histograms, box plots, and correlation matrices to uncover trends. You’ve learned how
to clean, structure, and analyze data to extract meaningful insights. But what happens
when the data is not neatly organized in rows and columns? What if the data consists
of customer reviews, emails, social media posts, or research papers? Traditional EDA
techniques alone are not enough to handle the complexity of such unstructured data.

This is where text analytics becomes essential. Unlike numerical data, text is messy,
ambiguous, and context-dependent. Words can have multiple meanings, sentiments can
be subtle, and key insights are often hidden in vast amounts of textual information. By
applying text analytics techniques, we can process and extract valuable information
from text data, identifying trends, analyzing sentiment, detecting key topics, and much
more. From businesses understanding customer opinions to researchers analyzing vast
scientific literature, text analytics enables us to make sense of large volumes of unstruc-
tured data efficiently.

In this unit, we will explore how to work with text data cleaning, processing, and ana-
lyzing it to uncover patterns and insights. Just as you mastered numerical data analysis,
you will now learn how to handle text through techniques like tokenization, stopword
removal, stemming, lemmatization, and word embeddings. Get ready to unlock the
power of text and transform raw langue.lge into actionable insights!
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Key Concepts

Text Analytics, Unstructured Data, Tokenization, Stemming and Lemmatization,
Feature Extraction, Word2Vec, GloVe, NLTK

Discussion
4.3.1 Text Analytics

Nowadays, unstructured data, especially
text, plays a central role in text analyt-
ics. Although a relatively simple form of
data, text remains the most wide-spread
and extremely informative one. The geo-
logical email data, social media sites such
as Facebook, Twitter, Google Plus and
LinkedlIn, as well as the customer reviews,
to name a few, are all the ways where data
is found in a text form. This kind of data
mining with a special focus on text in-
curs a thorough investigation and reveals
priceless insights which lay the foun-
dation of well-reasoned decisions. The
examples include business intelligence,
where by analyzing the customer reviews
and sentiments from the social web one
could determine the customers unique
needs for products or services, as well as
the ways of their meeting for bettering the
products, marketing strategies and promo-
tions. Also, the contemporarily developed
algorithms are able to predict the industry
hotspots and the areas of their prospec-
tive development, which helps companies
build fruitful plans for the future. On one
hand, other applications of text analyt-
ics like those in medicine, finance, and
law seem less fascinating. However, they
play their role in medicine those are de-
tecting and preventing risks by carefully
analyzing the patients records and their
feedback. In finance, those are monitoring
fraudulent activities by checking the pay-
ments and patterns of their dispatch; and in
law those are properly analyzing the piles
of documents and extracting the necessary
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data. Overall, for the proper functioning of
contemporary businesses, it is completely
important to use text, or unstructured data
to analyze and turn into insights.

Text analytics is one of the most rapid-
ly growing spheres of technology over
the past few years due to several critical
points. First, the organizations increased
use of web-based digital communication
has led to enormous amounts of unstruc-
tured text data. Such information is gener-
ated through a variety of media, including
social media, mail, customer reviews, and
news articles. The firms noticed that the
hidden intrinsic patterns revealed through
the application of text analysis tools to that
unstructured data are exactly the infor-
mation they need to tailor their strategies
and increase customer satisfaction and the
efficiency of their services. Second, con-
siderable milestones have been reached in
natural language processing and machine
learning technologies so that they can be
successfully and efficiently applied to ana-
lyze and make sense of that data. Although
both fields have first made some tools to
approach bigger chunks of information
with less human attention, today, these al-
gorithms are much more improved. They
have advanced to a point where they un-
derstand context and sentiment, picking
up on human nuances and therefore pro-
ducing sound and practical analysis data
outcomes without any significant bias and
error effects. The increase in computation-
al capacity and the successive creation of

more efficient algorithms, along with tech-

nological advancement, have all contrib-



uted to the development and the increased
occurrence of text analysis. Thus, in the
information rich business environment of
the present and the future, text analytics is
one of the companies’ best ways to gain
a competitive advantage. For example,
they help to apply analysis tools to groups
of published product reviews, making it
easier to see who thinks what about the
launches of the respective products.

Text analytics is essential in other do-
mains, including healthcare, finance, and
law. In healthcare, text analytics helps
extract important information from clin-
ical notes and patient records to enable
proper diagnosis and treatment. In the
finance domain, the tools can be used to
alert the relevant authorities of fraudulent
and otherwise criminal activities. Specifi-
cally, the analysis of transaction descrip-
tions and communications related to the
transactions helps with risk management
within the industry. Legal professionals
can quickly analyze huge amounts of text
data to find the relevant information for a
given case, improving the efficiency and
accuracy of legal procedures. Ultimately,
the tools allow organizations to make sen-
sible data-driven decisions, improve their
business operations, and deliver better
outcomes.

4.3.1.1 Major concepts related to
text analytics

The first big concept is data collection. In
this step, the data is collected from social
media texts, customer reviews, e-mails,
web pages, and other documents. The
quality and the relevance of the texts are
key for text analytics, and it should not be
missed that the data one has collected de-
termines the end result of the analysis. It
is important to note that the data should be
representative of the problem or the ques-
tion at hand. In this step, web scraping
tools are frequently used in combination
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with application programming interfaces.
However, it should be remembered that
sometimes the data has to be collected
with one’s own hands to ensure maximum
representativity. It should be noted that
text data comes in several formats. Most
companies in the real world keep the data
in the form of a series of pdfs, or docu-
ments, html pages, scanned images, and
so on. In the end, most of this data has to
be converted to text form so that the tools
can be used. Specifically for the scanners,
the OCR is used. It is a technology that is
used for the text detection of scanned doc-
uments. In other words, the scanned infor-
mation is converted to visual information
first and then to an editable text form.

Once collected, the data often requires
parsing and conversion. HTML and XML
parsing help isolate meaningful content by
stripping unnecessary tags. PDF and Word
documents are converted into a uniform
text format, ensuring consistency across
all sources.

Text processing: The initial step of text
data analytics. It describes the preparation
of raw text data for further processing,
which includes several substeps. Once we
collected the text data following steps are
performed:

Tokenization: The process of converting
the stream of text into smaller chunks,
which are then referred to as tokens.
Common examples of tokens are words,
phrases, or other meaningful segments.
This process is crucial for text data ana-
lytics, as once we tokenize the sentence
“Text analytics is powerful”, we are go-
ing to receive an array-token version of
the sentence [“Text”, “analytics”, “is”,
“powerful”]. By doing that, we can per-
form subsequent analytic operations, such
as counting the frequency of certain terms
appearing in this stream of text, as well as
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searching for patterns or processing the
text to perform certain natural language
processing tasks. This step is intended to
make the text meaningful and allow sub-
sequent analysis.

Stop Word Removal: Stop words refer
to the words that only appear in text and
carry almost no specific information, such
as “the,” “a,” “and,” and so forth. These
stop words are necessary for building sen-
tences, but they do not reveal any specific
topic or the meaning of a text, making it
harder to analyze them effectively. Re-
moval of stop words makes data smaller
and simpler to analyze, meaning that it is
quicker to treat and process text data. It
also allows for the concentration on spe-
cific context words and increasing accu-
racy in both the length and context of the
analyzed text. Moreover, it is focused on
creating simpler and smaller models that
are less likely to contain any irrelevant
“noise” in the form of the analyzed words
that do not change the meaning of the text.
For example, after stop word removal, a
sentence “the cat sat on the mat” would
become “cat sat mat,” making the main
actions and objects more prominent. This
would help in creating a simpler and more
interpretable model that is less likely to
overfit.

Stemming and Lemmatization: Stem-
ming and lemmatization are text prepro-
cessing techniques aimed at reducing
words to their root forms. It is necessary
for the normalization of text that makes it
more comfortable to process and analyze
text data. Stemming, in particular, involves
cutting off the end of words to leave only
their root forms. It might be done follow-
ing specific rules of how to cut off some
word endings, such as -ing, -ly, -es, -s, etc.
However, the resulting word might not be
a real word but rather a “template” similar
to other words of the same meaning.

@,

An example follows:
index: [‘happi’: ‘happiness’],
index: [‘studi’: ‘studies’]

Stemming algorithms, like the popular
Porter Stemmer, use simple rules to cut
words down to their base form. They are
fast but not always accurate, sometimes
chopping off parts of words incorrectly. A
more advanced method is lemmatization,
which also reduces words to their base
form (lemma) but considers their mean-
ing. Unlike stemming, lemmatization en-
sures that the resulting word is a real word
found in a dictionary. For example, “run-
ning” becomes “run,” “better” becomes
“g00d,” and “studies” becomes “study.”

However, lemmatization is slower and re-
quires additional resources like WordNet,
a database that groups words by mean-
ing and provides definitions. This makes
lemmatization more accurate than stem-
ming, which only follows basic cutting
rules. Stemming is much faster and useful
when speed matters more than precision,
such as processing millions of messages
where minor errors don’t impact the over-
all meaning. But for tasks like sentiment
analysis, machine translation, or any lan-
guage understanding application, lemma-
tization is the better choice for accurate
results.

Lowercasing is a crucial step in text an-
alytics. It means converting all letters to
lowercase, which helps standardize text
and avoid treating words like “Apple”
and “apple” as different words. This step
is especially useful in tasks like counting
word frequencies, matching terms, and
logical processing. For example, custom-
er reviews like “I love this product!” and

both be converted to “i love this product”,
making analysis more accurate. Lower-
casing simplifies text preprocessing and
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improves the performance of text analysis
algorithms.

Removing punctuation: Punctuation like
commas, exclamation points, and question
marks help human readers understand text
but do not add meaning for text analytics.
Removing punctuation ensures cleaner
data. For example, “Hello, world!” be-
comes “Hello world”, preventing errors
where words might be split incorrectly.
This step helps avoid misleading results
when identifying frequent words, topics,
or sentiments.

Removing special characters: such as
emojis and symbols, is also necessary.
These characters do not contribute mean-
ingful information for analysis and may
create inconsistencies in text processing.
For example, the sentence “Hello, world!
Welcome to text analytics “ would be
cleaned to “Hello world Welcome to text
analytics” for easier analysis. Special char-
acters can also change how words are rec-
ognized. For example, “co-operate” might
be treated differently from “cooperate”,
even though they have the same meaning.
Removing special characters ensures that
similar words are correctly recognized.

All these steps contribute to text normal-
ization, which means making text more
uniform and easier to process. Normalized
text removes unnecessary variations like
different capitalizations, special charac-
ters, and stop words, making analysis fast-
er and more efficient. This improves tasks
like sentiment analysis, topic modeling,
and text classification by ensuring that
text data is clean and ready for advanced
processing.

4.3.1.2 Feature Extraction in Text
Analytics

Feature extraction is a vital part of text an-
alytics which aims at converting raw text
data into a form which can be handled by
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machine learning algorithms. It is neces-
sary as text data available at the beginning
is unstructured, making it complicated and
inefficient to work with. Consider that one
possesses an extensive collection of cus-
tomer reviews, emails, social media posts,
or any other form of text data. It is imprac-
tical to go through them and analyze them
by merely reading, looking for patterns,
or making some predictions. Feature ex-
traction helps with this as it turns this text
into structured data that a computer can
understand and process. It is a vital step
as it transforms human language into ma-
chine language, ensuring that other tools
can effectively analyze and process text
data.

One of the simplest and most applied
methods for text feature extraction is the
Bag of Words model, which does not take
either order of the words or grammar into
account. Hence, in this model, a document
is treated as a bag that contains no order,
only relevant words counted together. Af-
ter the application of this model, one gets a
numerical representation expressing how
many times each word of interest appears
in a document.

4.3.1.3 How Bag of Words works

In the Bag of words model, we first cre-
ate a vocabulary. The vocabulary is the
list of all the unique words in the entire
text corpus. In the next step, each docu-
ment is represented as a vector, where the
length of the vector is equal to the number
of words in the vocabulary. The value of
each element of the vector represents the
frequency of that word in the document.

For example, if we consider two simple
sentences:

“I love data science.”.

“Data science is great.”.

The vocabulary for these sentences will be
the list of all the unique words: “I”, “love”,
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“data”, “science”, “is”, “great”. So, the
vocabulary for these sentences will be
[‘D, ‘love’, ‘data’, ‘science’, ‘is’, ‘great’].

Now we can represent each of these sen-
tences as vectors based on this vocabulary.

“I love data science” will be represented as follows:

[“T”=1, “love” =1, “data” = 1, “science” = 1, “is” = 0, “great” = 0]

Vector=[1, 1, 1, 1, 0, 0]

“Data science is great” will be represented as follows:

[“T”=0, “love” =0, “data” = 1, “science” = 1, “is” = 1, “great” = 1]

Vector =[0,0, 1, 1, 1, 1].

Let’s now look at how it looks when we represent these sentences as a vector.

“I love data science™: [1, 1, 1, 1, 0, 0]

“Data science is great™: [0, 0, 1, 1, 1, 1]

Here, each number in the vector reflects
how many corresponding words in the vo-
cabulary appear in the sentence. This code
changes the sentence to a vector, which
facilitates text processing by algorithms.
BoW is easy to understand and implement.
It will work where the text is elementary
and no context or word sequence is need-
ed to understand it. However, it does it
by abandoning any word order, which re-
moves any context and meaning from the
sentence. For example, in this technique,
“not good” will be equal to “good but
bad.” In addition, there may be computa-
tional issues because the number of coor-
dinates of the vector rises along with the
increase in the size of the vocabulary. This
number will not always be used; in most
cases, it will be zero. Moreover, most

models do not simply use all the words in
the vocabulary. To analyze the text, run it
through a bag-of-words model, and then
compare the answers. This way, you can
check how often each document uses the
vocabulary.

The bag-of-words model allows convert-
ing text to a form that can be more mean-
ingfully processed. However, its use re-
sults in the loss of the context in the text.
If the vocabulary is large, the size of the
text vector may also be too high to be ef-
fectively processed. Although, the use of
such transformations allows for the for-
mulation of many problems as well. It is
not difficult to realize that BoW is one of
the most useful methods in text analytics.
TF-IDF is, in a sense, a variation of it.

document

¢ Term Frequency : Measure how frequently a term appears in a document.

TF = Number of times term t appears in a document/Total number of terms in the

¢ Inverse Document Frequency : Measure how important a term is.

Total No.of Documents

IDF =log (

TF-IDF=TFxIDF

Number of Documents with termt

¢ The TF-IDF score for a term is the product of its TF and IDF scores.

)

o
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Example

Let’s consider a simple example with three documents:

1. “Data science is amazing”
2. “Data science is useful”

3. “I love data science”

First, we calculate the Term Frequency (TF) for each word in each document. Then, we
calculate the Inverse Document Frequency (IDF) for each word across all documents.
Finally, we multiply these two values to get the TF-IDF score for each word in each

document.

Step 1: Calculate TF

For the word “data” in Document 1:
TF(data, Doc 1)=1/4=0.25

For the word “science” in Document 1:
TF(science, Doc 1)=1/4=0.25

Step 2: Calculate IDF

For the word “data”:
IDF(data)=log (3/3) =log(1) =0
For the word “science’:
IDF(science)=log (3/3) =0

Step 3: Calculate TF-IDF

For the word “data” in Document 1:
TF-IDF(data, Doc 1)=0.25*0=0
For the word ““science” in Document 1:
TF-IDF(science, Doc 1)=0.25*0=0

In this simple example, common words
like “data” and “science” have an IDF
score of 0 because they appear in all doc-
uments, making their TF-IDF score 0 as
well. This illustrates how TF-IDF helps to
highlight less frequent but more informa-
tive words. TF-IDF is important because it
balances the frequency of words in a doc-
ument with their rarity across the entire
corpus. This means that words that appear
frequently in a document but not across
all documents will have a higher TF-IDF
score, making them stand out as more rel-
evant or significant.

4.3.2 Word Embeddings in
Text Analytics

Word embeddings are a sophisticated ap-
proach in the field of text analytics that
allow representing words as dense vec-
tors in a continuous space. Unlike more
straightforward methods such as Bag of
Words or TF-IDF that assume the words
to be independent and context-free, word
embeddings help to capture the semantic
relationships between words. Thus, words
that have similar meanings are represent-
ed by vectors that are located close to each
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other in the vector space.

Word embeddings are usually learned us-
ing various neural network models and
large text corpora. Two of the most wide-
ly-used methods to create the embedding
are Word2Vec and Glove.

4.3.2.1 Word2Vec

Word2Vec is a transformational and ef-
fective approach to learning word em-
beddings, devised by Google. With this
method, words are represented as propri-
etary vectors in a n-dimensional space that
reflect their meanings. Consequently, with
this approach, words that have similar
meanings have similar vector representa-
tions. This method has proved to be help-
ful in numerous natural language process-
ing applications.

Example:

Word2Vec uses a neural network to learn
word associations from existing text cor-
pora. Two common models that belong to
this method are Continuous Bag of Words
and Skip-gram.

Continuous Bag of Words: This model
aims at predicting the current word using
the words surrounding it. For example, the
CBOW model is assigned with the task to
predict the word “mat” in the given con-
text the cat is on the.

Skip-gram: This model is assigned with
the opposite task to predict the wording
surrounding the given word. For example,
if the word is “cat,” the task of Skip-gram

is to predict the words “the,” “ is,
and “mat.”

99 ¢¢ 2
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Let’s consider a simple example to understand what Word2Vec is. So let’s assume we
have a large collection of text, and we trained a Word2Vec model on it. As a result, we

got the following vectors for words:
“king” =[0.4, 0.8, 0.5]

“queen” =[0.5, 0.9, 0.6]

“man” = (0.2, 0.1, 0.3]

“woman” = [0.3, 0.2, 0.4]

These can be viewed as hypothetical vectors that show the position of each word in
a multi-dimensional space. The excellent thing about it is that it shows relationships
between the words. Let’s say we take vector arithmetic and perform the following cal-
culation:

King — man + women = queen

The result should be quite close to the vector for “queen”. It means that the model
knows that the relationship between “king” and “man” is more or less the same as to
“queen” and “woman.”

“france” Word2Vec understands about

“paris”:

Why Word2Vec is important

Word2Vec primarily provides information
about the meaning of words. The mod-
els quickly learn that words have similar
meanings or are used in similar contexts
when they are used together. For example,

The model understands the context of the
word, which is essential for many natural
language processing tasks. Since it reduc-
es the dimensionality of the text, it is more
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practical for use in various neural network
algorithms.

Practical usages of Word2Vec
1. Sentiment Analysis

It is used through Word2Vec to assess the
sentiment of a given text. It could, for ex-
ample, analyze customer reviews, social
media entries, or feedback forms to help
businesses to learn more about their prod-
ucts or services. Is it possible, after ana-
lyzing the context of the word, to figure
out whether it is negative, positive, or neu-
tral.

2. Machine Translation

The technology is used to translate text
from one language to another. With the
use of Word2Vec, the algorithm learns the
context and meaning of the words in one
language and finds relevant words in the
other language. This improves the quality
of machine translation. For example, the
technology is used in translating idioms
that do not make sense if the words are
translated one-by-one in the other lan-
guage. However, the phrase means some-
thing special if interpreted in one exact
language.

3. Information Retrieval

The algorithms are used by search engines
and other information search systems
to understand what the users mean by
the phrases or sentences they type in the
search box. This improved the relevance
of the obtained search results. For exam-
ple, if the user is interested in a healthy
diet and asks the system for ‘healthy reci-
pes’, the system will find not only the pag-
es that contain this exact phrase.

It will also look for the texts that mention
different words but with a similar mean-
ing. The search engine might provide a
web page that mentions ‘proper nutrition’
or a document that covers the topic of a
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balanced diet, as well.

4. Recommendation Systems

The technology allows the system to learn
about the preferences and behavior of the
user. For example, the text of the descrip-
tion of products and the reviews of the
users on an e-commerce platform are an-
alyzed.

Then, the search channel retrieves the in-
formation on the products similar to the
ones that were interesting to the user but
that they might not have seen yet. For ex-
ample, the search will show lamps of a
similar shape to the ones the user checked
on the website earlier if they liked this de-
sign.

5. Named Entity Recognition

Technology helps the system detect and
classify the proper nouns in the text as it
relies on context-aware embeddings. For
example, the tool will classify Apple as a
company with a logo in context.

6. Text Classification

The Word2Vec technology is widely used
in this field. The technology allows us to
classify and categorize the documents.
The search for the needed information is
easier if there are tags. For example, if we
are looking for news, classification helps
separate sports news from politics, culture
news, etc.

Word2Vec is a useful tool within text an-
alytics because it facilitates a higher level
of understanding of textual data. Given its
ability to capture semantic relationships
and similarities, Word2Vec is inevitably
applied via sentiment analysis and ma-
chine translation, while it is also helpful
within information retrieval and recom-
mendation systems. Therefore, using this
model allows the analysis of text data, on
which the decision to improve offered ser-

9,




vices for businesses and organizations can
be made.

4.3.2.2 GloVe (Global Vectors for
Word Representation)

GloVe is one of the methods used to repre-
sentations which combines global matrix
factorization techniques with local context
window word vectors. This is one of the
core advantages that it can learn correla-
tions between words and perform much
better than previous models, using infor-
mation from the entire corpus (Bayesian).
GloVe computes a co-occurrence matrix
which stores how frequently two words
come together in a certain context win-
dow size. Then, this matrix is factorized
to create word vectors in which the se-
mantics of words are represented by us-
ing their co-occurrence probabilities. The
main benefit of GloVe is that, unlike other
models (such as word2vec) which totally
ignores global statistics during training
except with an exception made for nor-
malization, it combines the two to gener-
ate better vector representation.

The approach used in GloVe is to obtain
the co-occurrence probabilities ratio nec-
essary for encoding similarities and rela-
tionships between words. This came from
the idea that a relationship between tokens
can reveal information regarding what
they are, proportionally wise. How “like-
ly”” ice is to co-occur with solid versus
gas compared to how steam when these
occur (as this will reflect their contextu-
al meanings) GloVe learns word vectors
by factoring this co-occurrence matrix;
it decomposes the original co-occurrence
matrix into two lower dimensional matri-
ces, whose product would be closest to the
original one. This factorization captures
much of the latent structure in word vec-
tors, with words that appear together both
frequently and infrequently close to each
other geometrically. GloVe works well at
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various NLP(Natural Language Process-
ing) tasks, like sentiment analysis, named
entity recognition and machine translation
where identifying complex word relation-
ships is important.

4.3.3 Applications of Word
Embeddings

Word embeddings have transformed nat-
ural language processing (NLP) by rep-
resenting words in a continuous vector
space, capturing their meanings and re-
lationships. Major applications are listed
below.

4.3.3.1 Text Classification

One of the examples of significant im-
provement is a text classification that is
done using word embeddings to convert
words into the dense vector representa-
tions. The embeddings allow learning se-
mantic relationships and, as a result, mod-
els can use context to understand meaning
in order to achieve more accurate results.
When applied to sentiment analysis of
product reviews “excellent” and “fantas-
tic” can be both two words of positive sen-
timent. It does not matter if they do not
usually appear in the same context, with
such semantic relationship the model will
put more reviews into positive, negative,
or neutral classes accurately and, as a re-
sult, achieve higher performance.

4.3.3.2 Named Entity Recognition

Named Entity Recognition (NER) is a
method in NLP that helps identify key en-
tities in a piece of text and separate them
into predefined categories like names of
people, organizations, locations, and dates.
NER’s main goal is to be able to correct-
ly and accurately find specific entities in
text and help extract structured informa-
tion from unstructured text. For example,
in the following sentence: “Apple Inc. was
founded in Cupertino by Steve Jobs,” the
NER would identify “Apple Inc.” as an or-



ganization, “Steve Jobs” as a person, and
“Cupertino” as a location. Word embed-
dings make possible a very precise NER
of those entities. They provide the NER
with a set of vectors of similar words and
help the model quickly identify those rele-
vant words, in this case, names, dates, and
locations. Discovering names in a sen-
tence like “John Smith visited New York
last Monday,” word embeddings allow a
correct identification of the entities: “John
Smith” is a person, “New York™ is a loca-
tion, and “Monday” is a date. This possi-
bility of semantic recognition of the word
sense in context is why word embeddings

greatly improve the efficiency of NER.
4.3.3.3 Sentiment Analysis

Sentiment analysis, also known as opinion
mining, is a natural language processing
(NLP) technique used to determine the
emotional tone behind a body of text. It in-
volves analyzing text data to identify and
categorize opinions expressed as positive,
negative, or neutral. This method is widely
used to gauge public sentiment in various
contexts, such as product reviews, social
media posts, and customer feedback. By
understanding sentiment, businesses and
organizations can make informed deci-
sions, improve products, enhance custom-
er service, and develop targeted marketing
strategies.

Word embeddings play a crucial role in
enhancing sentiment analysis by repre-
senting words as dense vectors that cap-
ture semantic meanings and relationships.
This allows sentiment analysis models
to better understand context and nuances
in language. For example, word embed-
dings help the model recognize that “hap-
py” and “joyful” convey similar positive
sentiments, even if they appear in differ-
ent contexts. This semantic understand-
ing improves the accuracy of classifying
sentiments in text, enabling more reliable
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analysis of customer feedback, social me-
dia trends, and other sources of opinion-
ated text.

4.3.3.4 Recommendation Systems

Recommendation systems represent a
class of software utilized for suggesting
users with products, services, or other
content of their interest based on activ-
ities and preferences they have already
made. Such systems are utilized in vari-
ous online services and platforms, such as
ecommerce sites, streaming services, and
social networks. Generally, these systems
use the available data about the users, in-
cluding the history of purchases, search
inquiries, ratings, and their interactions
with the content in order to predict their
subsequent preferences and recommend
them to further items of interest. Mostly,
there are certain approaches to develop-
ing recommendation systems, including
collaborative filtering approaches, con-
tent-based filtering approaches, and their
combinations. Naturally, in cases with
both approaches, the use of word embed-
dings proves to enhance the algorithms of
recommendations.

Using word embeddings makes recom-
mendation systems more effective because
they understand the relationships between
words in a continuous space. This helps
the system recognize connections between
the words in a user’s preferences and the
content being recommended. For exam-
ple, if a user is interested in a particular
type of novel, word embeddings can ana-
lyze the novel’s description and find simi-
lar words, like “book.” This way, the sys-
tem can recommend books related to the
user’s interest in novels. Word embeddings
can analyze user reviews, helping the sys-
tem suggest items that match the user’s
preferences and feelings more accurately.

4.3.3.5 Topic Modeling

Topic modeling is a method in natural
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language processing that is used to reveal
latent thematic structures of a collection
of documents and determine the topics
which best represent these textual data.
With this approach, it becomes possible
to comprehend, organize, and summarize
large volumes of text material. In simple
terms, generally, the topic modeling algo-
rithms assume that every document in a
corpus is a combination of topics.

The most commonly used algorithms for
topic modeling are Latent Dirichlet Allo-
cation (LDA) and Non-Negative Matrix
Factorization (NMF). LDA is a probabi-
listic model that generates topics based
on word distributions in documents. On
the other hand, NMF is a linear algebra
method that does not rely on probability.
Instead, it breaks down a document-term
matrix into two smaller matrices. One rep-
resenting documents and the other repre-
senting topics.

Speaking about how Latent Dirichlet Al-
location works, this algorithm represents
documents as mixtures of topics, which
are, in turn, a distribution of words. LDA
usually refines the distributions of the top-
ics over documents and document over
word to best describe the data that has
been observed. For example, if there is a
collection of news articles, LDA can iden-
tify topics such as politics, sports, technol-
ogy, and health, describe them by a group
of words that occur together in a given
document type and determine to which
extent a single document is likely to refer
to one or another topic. As for the most
common applications of this approach, it
can be used to organize a vast amount of
information by clustering similar texts,
e.g. news overviews or research papers;
optimize search results by not merely
comparing keywords but relying on text
topics, and enrich the content recommen-
dation system by offering data with sim-
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ilar identified topics which the user has
already shown interest in. Also, analyzing
which topics change their frequency of
occurrence over each particular period of
time can serve as a tool to identify social
trends, political movements, or new pub-
lic concerns.

4.3.4 Challenges in Text Data
Analytics

In order to clean and standardize the in-
formation, one needs some robust prepro-
cessing techniques, since text data usu-
ally contains a lot of noise and is highly
variable. In addition, text data often re-
sults in high-dimensional sparse matri-
ces, so scholarly computational methods
are needed for handling this quantity of
data. It is hard to analyze text confidently:
checking the context and resolving ambi-
guity require rigorous methods and elabo-
rated programs.

4.3.5 Tools and Libraries for
Text Data Analytics

NLTK (Natural Language Toolkit): A
comprehensive library for text processing
in Python.

spaCy: An open-source library for ad-
vanced natural language processing.

Gensim: A library for topic modeling and
document similarity analysis.

Scikit-learn: Provides tools for machine
learning, including text classification and
clustering.

Text data analytics is one of the most im-
portant fields which allows transforming
raw unstructured text data into valuable
insights, which may be beneficial for
making well-thought decisions in vari-
ous areas, such as business, healthcare,
finance, and law. It is possible to distin-
guish several steps in this process, such
as data collection, text preprocessing, in-
cluding tokenization, stop word remov-



al, stemming, and lemmatization. At this
stage, it is possible to extract features us-
ing Bag of Words, TF-IDF or such natural
language processing techniques as word
embeddings. These processes may be con-
ducted using a variety of more advanced
tools and libraries, such as NLTK, spaCy,

Recap

Introduction to Text Analytics

Gensim, or Scikit-learn, which make text
data more human, and, thus, improve the
analysis. Text analytics allows an organi-
zation to gain a competitive advantage as
it may better understand customer’s ideas,
predict changes to the industry, and opti-
mize its operations.

¢ Unstructured text data is widely used in analytics.

¢ Sources: social media, emails, customer reviews, web pages.

¢ Helps extract insights for decision-making in business, healthcare, finance,

and law.

Growth of Text Analytics

¢ Increasing digital communication generates vast text data.

¢ Natural language processing (NLP) and machine learning improvements

enhance analysis.

¢ Enables sentiment analysis, trend prediction, and business strategies.

Major Concepts in Text Analytics

¢ Data Collection: Gathering text data from various sources.

¢ Data Parsing: Converting formats like HTML, PDF, XML into uniform text.

¢ Text Processing Steps:

¢ Tokenization: Splitting text into meaningful units (tokens).

¢ Stop Word Removal: Removing common words like “the” and “and”.

¢ Stemming & [Lemmatization: Reducing words to their root form.

¢ Lowercasing: Standardizing text by converting it to lowercase.

¢ Removing Punctuation & Special Characters: Cleaning unnecessary

symbols.

Feature Extraction in Text Analytics

¢ Bag of Words (BoW): Counts word occurrences without considering order.

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics

o




¢ Term Frequency-Inverse Document Frequency (TF-IDF): Weighs words
based on importance across documents.

Word Embeddings in Text Analytics
¢ Represent words as dense vectors in a continuous space.
¢ Capture semantic relationships between words.
¢ Methods:
¢ Word2Vec: Uses CBOW and Skip-gram models.
¢ GloVe: Uses word co-occurrence probabilities.
Applications of Text Analytics

¢ Named Entity Recognition (NER): Identifies entities like people, locations,
and dates.

¢ Sentiment Analysis: Determines positive, negative, or neutral opinions.

¢ Recommendation Systems: Suggests relevant products based on user
behavior.

¢ Topic Modeling: Identifies themes in documents using LDA and NMF.
Challenges in Text Analytics

¢ High-dimensional sparse matrices.

¢ Context and ambiguity issues.

¢ Requires robust computational methods.
Tools for Text Analytics

¢ NLTK: Text processing in Python.

¢ spaCy: Advanced NLP library.

¢ Gensim: Topic modeling and document similarity.

¢ Scikit-learn: Text classification and clustering.

Objective Type Questions

1. What type of data is most common in text analytics?

2. Which NLP technique removes frequently occurring words like “the” and
‘Gis)’?
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What is the process of breaking text into meaningful units called?

Which text preprocessing technique converts words to their base form?
What model represents words as vectors in continuous space?

Which algorithm predicts words using a neural network?

What model represents a document as a collection of word counts?

Which feature extraction method balances word frequency with importance?

What technique identifies names, locations, and dates in a text?

. What is another name for sentiment analysis?

. Which algorithm is a probabilistic approach to topic modeling?
. What is the primary function of a recommendation system?

13.
14.
15.

Name one tool used for natural language processing.
What challenge does text analytics face due to high-dimensional data?

Which text analytics tool is used for topic modeling and document similarity?

Answers to Objective Type Questions

B S U O AR R R I

10.
I1.
12.
13.
14.
15.

Unstructured

Stop word removal
Tokenization
Lemmatization

Word embeddings
Word2Vec

Bag of Words

TE-IDF

Named Entity Recognition
Opinion mining

Latent Dirichlet Allocation (LDA)
Suggesting content

spaCy

Sparse matrix

Gensim
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Assignments

Explain the importance of Exploratory Data Analysis (EDA) in text analytics.
How does it help in processing and understanding unstructured text data
compared to structured numerical data?

Discuss various text preprocessing techniques such as tokenization, stopword
removal, stemming, and lemmatization. How do these techniques improve
the efficiency of text analytics?

Compare and contrast Bag of Words (BoW) and TF-IDF models. How do
they help in converting text into a structured format for machine learning
applications?

Explain the role of word embeddings like Word2Vec and GloVe in text
analytics. How do these models capture semantic relationships between
words, and why are they more effective than traditional text representation
techniques?

Discuss the challenges faced in text data analytics. How do issues like high
dimensionality, ambiguity, and noise impact the accuracy of text analysis,
and what strategies can be used to overcome them?

Reference

1.

Joel Grus, Data science from scratch O’ Reilly Media Inc, 2015 ISBN:
9781491901427 Cathy o’Neil and Rachel Schutt Doing data science, straight
talk from the frontline O’Reilly 2015

Jiawei Han, Micheline Kamber and jain pei “ Data mining concepts and
techniques” Third edition ISBN 0123814790,2011.

Jojo Moolayil, “Smarter Decisions: The Intersection of IoT and Data
Science”, PACKT, 2016

Suggested Reading

1. Exploratory Data Analysis by John Tukey

Exploratory Data Analysis with MATLAB by Wendy L. Martinez and Angel
R. Martinez

Coursera’s Exploratory Data Analysis Courses
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Unit 4
Storytelling with Data

Learning Qutcomes

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

¢ familiarize the principles of effective data storytelling

¢ identify key insights from data and present them using compelling narratives
and visualizations.

¢ cxplore to apply design principles and visualization techniques to enhance
data readability and impact.

¢ communicate data-driven insights effectively to diverse audiences for
informed decision-making.

Prerequisites

So far, you have explored how to work with data. Collecting, processing, and analyzing
it to extract insights. You have learned how to clean, structure, and visualize data to make
it meaningful. Whether it was summarizing numerical trends or identifying patterns
in structured datasets, you have built a strong foundation in data analysis. However,
analyzing data alone is not enough. The real challenge lies in communicating those
insights in a way that is clear, engaging, and persuasive. This is where data storytelling
becomes essential.

Data storytelling bridges the gap between raw data and actionable decisions. It transforms
complex numbers into meaningful narratives that captivate audiences, whether they are
business leaders, researchers, or everyday decision-makers. Without a compelling story,
even the most insightful analysis can be overlooked or misunderstood. By combining
structured storytelling with visualizations, we can guide our audience through key
findings, highlight trends, and emphasize the significance of the data.

In this lesson, we will explore how to craft impactful data stories. Understanding the
audience, selecting the right visuals, and structuring narratives that make insights mem-
orable. Just as a good book or movie keeps the audience engaged, a well-crafted data
story ensures that data-driven messages are clear, persuasive, and influential. Get ready
to turn data into stories that inspire action!




Key concepts

Data Visualization, Eliminating Clutter, Data Clutter, Compelling Narrative

4.4.1 Data Storytelling

Data storytelling is the practice of pre-
senting information in a narrative format.
It combines data analysis with storytelling
principles, making complex insights more
structured and engaging. Data visualiza-
tion plays a key role by transforming large
datasets into clear and meaningful visuals.
However, simply presenting data is not
enough. A skilled presenter should craft
a compelling story around the analysis to
make it more impactful. Effective story-
telling helps convey insights in a way that
is easier to understand, remember, and act
upon.

This method would have been impossible
if data analysis resources were unavail-
able. In a more vivid form, this way of
presenting information helps the narrative
and the phenomenon of the story itself to
become more accessible and connect the
tastes of those who have never been in-
terested in stories. Data storytelling helps
capture the audience’s interest by making
data the central focus, much like a hero
in a story. It engages listeners by present-
ing important topics in a compelling way.
Whether the audience includes entrepre-
neurs making business decisions or indi-
viduals unaware of their role in a larger
issue, storytelling makes the information
more impactful and meaningful.

4.4.1.1 Define Your Purpose

The first key to data storytelling is hav-
ing a clear purpose. Before working with
any data, it is important to define what you
want your audience to learn, understand,
or act upon. A well-defined goal helps in
selecting the right data, structuring a com-

pelling story, and choosing effective visu-
alizations to support your message. For
example, if the aim is to show the success
of a recent marketing campaign, the data
should focus on increased sales, higher
customer engagement, or improved satis-
faction rates. A clear purpose ensures that
every part of the data story aligns with the
main message, making it more persuasive
and impactful.

4.4.1.2 Understand Your
Audience

An audience is important for effective sto-
rytelling. You should also know your au-
dience, specifically what they care about,
and their level of understanding. Any data
narrative should be made specifically for
this audience such that; it should be un-
derstood and relatable. For example, when
presenting to senior executives, focus on
high-level insights and the impact of their
strategies. Use simple, clear graphs that
highlight overall trends rather than de-
tailed data points. For a technical team,
you have to use a series of data points, the
trend line, and more complex informa-
tion to justify your conclusions. Instead,
you should use more complex graphs
that specifically show the specifics. Hav-
ing graphs that show them not only your
words such as the ABC has decreased, but
purely business. Under no circumstances
should you let the graphs dictate to you.
The graphs should be in the right format-
each should be measured according to
the same template. The major decision is
how well you know your audience such
that you provide information according to
their desires. Such that you will be able to
show how well you can justify a story. A
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defined audience will help you choose the
words. This will help you choose the right
level of detail. On the other hand, this will
help you choose the right display style.

4.4.1.3 Compelling Narrative in
Data Storytelling

Crafting a compelling narrative is at the
heart of effective data storytelling. A
well-structured narrative helps to engage
the audience, making the data more re-
latable and easier to understand. Here are
some key components and strategies for
crafting a compelling data narrative, along
with examples and common problems to
avoid.

Beginning of a data narrative should set
the context, that is, inform the audience
about the topic and provide some back-
ground. This will ensure that your audi-
ence knows what the data story is about
and it will help to put your data in the ap-
propriate context. Why is this data import-
ant? What specific questions does this data
try to answer? For example, if you are pre-
senting the data on sales, start with a brief
overview of the current market situation
and the company’s sales plan. This will let
the audience see that the data you show
is relevant, important and necessary for
them to see. In fact, your introduction can
be a summary that lets the audience see
what the data narrative is about and what
they should think about.

In the middle of your data narrative show
the insight from your data. Create your
own story, while letting your data tell the
story. This is especially important because
it is an assignment. Show how your data
impacts your topic. Define who are the
main characters. Use various visual aids
to represent your data. They can be used
to show the trends, patterns, and relation-
ships. If some visuals are simple to un-
derstand without explanation, provide the
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audience with some explanations. For ex-
ample, you can draw a line graph that de-
scribes the trends in sales for the year. The
visuals will show that most of the peaks
are in the period of sales promotion, while
the troughs are in the off-season. The mid-
dle of the narrative is where you develop
the story and show how your data can im-
pact the issue you are talking about.

In the end of your data narrative, sum-
marize the main message the data shows.
Provide the audience with some recom-
mendations or actions that can be done
with the data you analyze. For example,
you might highlight that declining sales
are due to specific regions and demon-
strate how analysis can guide the com-
pany to focus marketing efforts on more
successful areas.The end of the narrative
should provide the audience with some
information about what the data tells and
what they can do with it.

Example of Crafting a Data Narrative

Consider an example of a company ana-
lyzing customer satisfaction survey to im-
prove service quality.

Beginning: Set the Context

¢ In the past quarter, we cond-
ucted a comprehensive custo-
mer satisfaction survey to un-
derstand how our clients per-
ceive our services. This survey
is crucial as it helps us identify
areas where we excel and
aspects that need improvement.

Middle: Develop the Story

¢ The survey results indicate a
significant variation in customer
satisfaction across different
service areas. For instance, our
technical support team received
high ratings for promptness and
professionalism, as illustrated
by this bar chart. However,
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there are concerns about the
user experience on our website,
with numerous complaints
about navigation difficulties,
as shown in this scatter plot of
feedback frequency.

End: Provide a Conclusion and Call to
Action

¢ To address these issues, we
propose several actionable ste-
ps. First, we will implement
additional training for our web
design team to enhance the user
interface. Secondly, we will
launch a customer feedback
loop to continually monitor
and address user concerns.
By taking these steps, we aim
to improve overall customer
satisfaction and retain our clie-
nt base.

In data storytelling, the narrative can be-
come confusing and disjointed. It is com-
pulsory to follow a logical flow so that the
audience can understand the beginning,
middle and end. Presenting too much data
can distract the audience and the main
message becomes unnoticed. A narrative
that doesn’t consider the audience’s inter-
ests and knowledge level can fail to en-
gage them. Complex or cluttered visuals
can confuse the audience and detract from
the narrative.

Choose the Right Visuals

Selecting the right visuals is an important
part of data storytelling. The type of visu-
al you use can have a big impact on how
well your audience understands and con-
nects with the data. Different types of data
and different messages will require using
different types of visuals to display infor-
mation in a clear and accurate way. Bar
charts are perfect for comparing amounts
across different categories. They are easy
to compare and easy to read for your audi-
ence. You can select to use either horizon-
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tal or vertical bars. An example of when
to use a bar chart would be displaying the
sales figures across your company’s dif-
ferent regions. This display allows you
to easily see which region had the high-
est sales. Line charts are used to show
trends over a length of time. You can dis-
play how data points change points over a
given amount of time given you’re using
time series data. An example of when to
use a line chart includes displaying that a
company’s revenue increased by a lot over
the course of a year, even reaching a peak
towards the middle of the year. Scatter
plots are used to identify relationships be-
tween two numbers. This is useful to use
because it will show you correlations and
patterns that wouldn’t be apparent other-
wise. An example of when to use a scatter
plot involves displaying the relationship
between advertising and sales. It would
allow you to see if increased ad spending
has any correlation on increased sales.

While pie charts are regarded as mislead-
ing to a certain extent, they are useful
when you need to show proportions and
parts of the whole. Pie charts and heat
maps, therefore, convey different infor-
mation, and whether to use them or not
depends on what you want to show. Heat
maps provide a great density of data dis-
play and highlight areas of high or low
density. They are especially useful in geo-
graphical data and in identifying patterns
in otherwise large sets of data. However,
it is also important to account for other
design principles, such as simplicity, clar-
ity, and emphasis. Do not overload your
visual with other, unnecessary add-ons,
such as irrelevant bullet points or non-de-
cisive photos. Use color appropriately to
highlight the most important data, and be
consistent in the style of your slides.

Find important points on creating a bar
chart showing sales across continents.

1. Collect sales data. Sales data can be
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taken from your company’s database or
received from the database administrator.
It is helpful to use formulas in Excel to
subtotal sales from individual countries
to sales to each region, such as Europe,
Americas, or Asia-Pacific. You could also
draw data from various reports owned by
sales teams across different regions.

2. Choose a tool. Use Excel, Google She-
ets, or Python programming language
with a seaborn ‘s.barplot’ methodology in
my case to create a bar chart visual.

Every bar in your chart will show a new
region and its height will be equal to the
volume of sales. The chart should con-
tain proper labeling so as to make the data
presented on it readable and interpretable.
Thus, it needs to have a title, for instance,
“Sales Volume in Different Regions”, and
title of the axes indicating the information
shown. In this case, the x-axis can show
different regions and the y-axis can show
the volume of sales. In addition, the bars
representing regions can have various col-
ors. It will help distinguish easily a pros-
perous region from other areas. In the end,
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the chart will visually show what regions
should continue their work, and where
there might be some problems the owners
have to pay attention Fig 4.4.1.

4.4.2 Eliminating Clutter

Eliminating clutter in data visualization is
a fundamental approach to ensuring that
data presented is clear, understandable
and impactful. Clutter usually obscures
the main message from being understood
by the audience. In this part, we are going
to look at the sources of data clutter and
some of the ways of tidying up. Data clut-
ter in presentations can have several neg-
ative effects. It can confuse the audience,
making it difficult to understand the key
message. Too much unnecessary infor-
mation can also distract them, leading to
misinterpretation of the data. When over-
whelmed with excessive details, the audi-
ence may lose focus or stop paying atten-
tion altogether. For the presenter, cluttered
slides filled with too much text can make
the presentation look unprofessional. To
avoid this, it’s better to use clear and sim-
ple visuals, such as a bar chart instead of a
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Fig 4.4.2 Line Graph of Monthly sales trends

pie chart with too many slices, to highlight
key insights effectively.

The most effective way to remove clutter
is by focussing on the piece of information
which supports the main message. This
could be in the form of aggregating data
to show the greater trend, most of the time
rather than focusing on monthly sales over
multiple years.

Aggregate data to show just the yearly
data often gives clearer insights on over-
all trends to show growth. It is important
to understand that “not all data is useful.
Some types of data may also not be con-
crete, measurable pieces of information.
Moreover, it may not be relevant to make
a decision to vary the layout of some piec-
es of information to add to the point you
are trying to make.

For example if we have monthly sales
data, we can draw bar charts etc. But in-
order to get a proper understanding it is
good to have a line chart (Fig 4.4.2). The
chart given below is self explanatory.

@,
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Example: Presenting a report on the im-
pact of a marketing campaign. Here we
have given monthly expressions of an ad-
vertisement in the first figure given below.
In the second figure the number is month-
ly and in the third it is the conversions
made in every month (Fig 4.4.3). Even if
we are not providing much information
regarding the visualization, the figure is
self explanatory and it can provide a sto-
ry. As the monthly expressions increases,
it will increase the number of clicks and
thereby there can be seen the sales are
also increasing. Here we are just checking
number of clicks based sales. But we can-
not analyze the data in which the number
of conversions based on the turn over. If
we are studying the impact of number of
expressions vs profit, we may have to get
different types of data and the correspond-
ing visualization can create a different sto-

ry.

4.4.3 Maintain Consistency

There is no doubt that maintaining consis-
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tency is one of the most significant aspects stand, but also professional, concise, and
of data storytelling. Indeed, such work smooth. This particular element involves
should be not only clear to read and under- the utilization of uniform design elements,
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which means using the same combination
of colors, fonts, and formatting, wherev-
er it is applicable. On the one hand, the
sequence is important with respect to its
ability to support a cohesive and neat look
of a presentation. It is always challenging
for an audience to read or follow a story
presented in various styles and apparent-
ly may distract a viewer, preventing them
from understanding the data. For example,
one may decide to use blue for highlight-
ing positive trends and red for negative
ones. If this is the case, there should be no
exceptions from this rule, and all other vi-
sualizations should employ the same color
schemes.

The same applies to design, and it is rea-
sonable to stick to one or two clearly
viewed font styles and sizes. On the oth-
er hand, consistency may enhance overall
precision, and a presenter needs to use
the same terms referring to the same data
points or metrics. In such a way, it is pos-
sible to guarantee that viewers will not
be perplexed by the changed terminology
and always know what is being discussed.
For instance, they will be aware that a cir-
cle with a title B in one slide will be a bar
labeled B in another. In that way, it should
be admitted that consistency is beneficial
to present an audience in a smooth and
fluid way; a professional, neat, and clear
experience enhances data understanding
and retention.

Other important points to be considered
in data storytelling are given in this para-
graph. When creating a data story, there
are several approaches to follow. First,
good design principles should be applied.
This includes the principles of alignment,
contrast, and balance. Align the items in
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the chart to facilitate reading, create a
contrast between the data points and the
background to make these items stand out,
and maintain a visual balance in the chart.
Second, every piece of information should
be consistently used in the chart. Provide
context for your data. This part requires
explaining where the data is from, what it
1s, and what its limitations are.

If used, this approach places the data story
in context and makes it more meaningful.
Third, everything in the data presentation
should be used to show the main message.
Do not use two other points or other data
sets to reinforce other data across the pre-
sentation. Relate, avoid being random,
and create a concise data story that will
communicate a message that your audi-
ence will remember.

Fourth, if possible, use interaction. Pro-
vide the user with a data filter, click chart,
or drill down some data. All of these al-
low the user to think about and interact
with your data. Finally, revise your data
story multiple times and read about each
change you make. This could be practic-
ing and improvising several times, collect-
ing feedback, and acting on this feedback.
This will help you deliver your data story
in the most effective way.

Storytelling with data is a powerful tool
that helps turn raw data into actionable
insights. By understanding the context,
choosing the right visuals, eliminating
clutter, drawing attention to key points,
thinking like a designer, and crafting a
compelling narrative, you can create sto-
ries that not only inform but also inspire
action. This approach makes data more
accessible, engaging, and useful for deci-
sion-making.
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Recap

Data Storytelling - Presenting data as a narrative for better understanding and
engagement.

¢ Combines data analysis, storytelling principles, and visualization.
¢ Makes complex insights structured, clear, and memorable.

Define Your Purpose - Establish a clear goal before working with data.
¢ Identify what the audience should learn or act upon.
¢ Select relevant data and visuals to support the main message.

Understand Your Audience - Tailor the story to the audience’s knowledge and
needs.

¢ Use high-level insights for executives, detailed analysis for technical teams.
¢ Choose appropriate visual formats for clarity.

Compelling Narrative In Data Storytelling - Structure the story with a clear
beginning, middle, and end.

¢ Beginning: Provide context and background.
¢ Middle: Present insights using visuals and explanations.
¢ End: Summarize key takeaways and suggest actions.
Choosing The Right Visuals - Match visuals to data types and messages.
¢ Bar charts: Compare categories.
¢ Line charts: Show trends over time.
¢ Scatter plots: Identify relationships.
¢ Pie charts: Show proportions.
¢ Heat maps: Highlight density patterns.
Eliminating Clutter - Too much information confuses and distracts.
¢ Focus on key insights, remove irrelevant details.
¢ Aggregate data (e.g., yearly trends instead of monthly).
¢ Use simple visuals for clarity (bar charts over complex pie charts).
Maintain Consistency - Use uniform design elements (colors, fonts, formats).

¢ Apply the same terminology for clarity.
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¢ Ensure a consistent approach to highlighting trends (e.g., blue for growth,
red for decline).

Good Design Principles - Alignment: Organize elements for easy reading.
¢ Contrast: Highlight important data against background.
¢ Balance: Maintain visual harmony in charts.

Context And Relevance - Provide background information on data sources and
limitations.

¢ Ensure every detail in the presentation supports the main message.
¢ Avoid unrelated data points that could distract the audience.
Interactive Elements - Allow users to filter, click charts, or drill down into data.
¢ Encourage engagement and deeper understanding.
Revision And Feedback - Practice and refine data stories.
¢ Collect feedback and improve presentation for better impact.
Effective Data Storytelling - Turns raw data into actionable insights.
¢ Enhances decision-making by making data more accessible and engaging.

¢ Informs, persuades, and drives action through structured narratives and
visuals.

Objective Type Questions

What is the process of presenting data in a structured, engaging way?
Which key element in data storytelling ensures clarity and direction?
What should be understood before selecting data and visuals?

Which type of chart is best for comparing categories?

What visualization is ideal for showing trends over time?

ONNCARS o S O

Which visual representation is used to show relationships between two
variables?

7. What type of chart is useful for showing proportions?

8. What should be removed to improve clarity in data visualization?
9. What design principle ensures important data stands out?

10. What should be maintained to ensure uniformity in storytelling?

11. Which element provides additional insights through interactive filtering?
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12. What process ensures a data story is refined for better impact?
13. What is the main goal of data storytelling?
14. What helps decision-makers understand complex data more easily?

15. What kind of insights does data storytelling aim to deliver?

Answers to Objective Type Questions

Storytelling
Purpose
Audience
Bar chart
Line chart
Scatter plot
Pie chart
Clutter

Contrast
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Assignments

1. Choose a publicly available data set or use one provided by your instructor.
Ensure that the data set has sufficient complexity and relevance to allow for
meaningful analysis and storytelling.

2. Develop a structured narrative that guides the audience through your data
analysis. Use storytelling techniques to make the data relatable and engaging.

3. Create at least three different types of visualizations (e.g., bar chart, line
graph, scatter plot) to highlight key insights from your dataset. Justify your
choice of visuals and explain how they enhance the narrative.

4. Ensure your visuals are clear, free of unnecessary elements, and follow
consistent design principles. Discuss the steps you took to maintain clarity,
readability, and coherence in your presentation.
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5. Prepare a brief presentation to share your data story. Highlight key insights,
explain your choice of visuals, and describe how you tailored your story to
your target audience. Reflect on how your storytelling approach influenced
the effectiveness of the message.

Reference

1. Joel Grus, Data science from scratch O’ Reilly Media Inc, 2015 ISBN:
9781491901427 Cathy o’Neil and Rachel Schutt Doing data science, straight
talk from the frontline O’Reilly 2015

2. Jiawei Han, Micheline Kamber and jain pei “ Data mining concepts and
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Unit 1

Introduction to Data Warehousing

Learning OQutcomes

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

¢

¢

define the term “data warehousing” and its purpose in data management.

identify the key characteristics of Online Transaction Processing (OLTP)
systems and their typical use cases.

describe the concept of Online Analytical Processing (OLAP)

list the main features of data warehousing, OLTP, and OLAP systems.

Prerequisites

If you’re familiar with organizing everyday tasks, such as managing a busy schedule or
handling multiple small projects, you already understand a bit about Online Transaction
Processing (OLTP) systems. Just as you handle each task quickly and keep track of
current details, OLTP systems manage numerous small transactions and keep up with
daily operations in databases.

Now, think about analyzing your weekly progress or trends over time. This is similar to
Online Analytical Processing (OLAP), which looks at data from different perspectives
to provide deeper insights. Data warehousing acts like a well-organized storage system
for all your task details, making sure both daily activities (like your schedule) and long-
term trends (like your progress analysis) are efficiently managed and accessible.

Key words

Data Warehousing: Storage, Organization, Management, OLTP: Transactions,
Processing, Volume, OLAP: Analysis, Reporting, Insights




Discussion

5.1.1 Expected outcome: How
to integrate the data in a data
warehouse

A data warehouse is a centralized repos-
itory designed for querying and analysis
rather than transaction processing. It con-
tains historical data derived from transac-
tion data but can include data from other
sources. A data warehouse allows an orga-
nization to consolidate data from different

Data source 1

Extract,
Tansform and
Load Process

Data source 2

Data source 3

key subjects, primarily such as sales, cus-
tomers, or products, but not around func-
tions and processes of the company. Such
organization enhances the efficiency and
effectiveness of analysis of data, which
belongs to the particular sphere of inter-
est. For instance, a retail company can
access its data warehouse, which is orga-
nized around sales, customer information,
and goods in stock. Subject oriented or-
ganization of data facilitates the genera-

/ a
- Visualization
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Data Warehouse

Reporting
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Fig 5.1.1 Data warehousing

sources and provide a unified view of the
data.See fig. 5.1.1 Data warehousing.

Key Features of data warehouse is given
below:

¢ Subject Oriented: Data is orga-
nized around subjects like sal-
es, customers, or products.

¢ Integrated: Data is integrated
from various sources.

¢ Time Variant: Historical data is
maintained to analyze trends.

¢ Non-Volatile: Once data is

entered, it is not changed.

5.1.1.1 Subject Oriented

A data warehouse is organized around
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tion of reports and extended insights into
retail sales trends, customer behavior, and
stock management. Such organization en-
ables organizations to drill down into each
subject and provide relevant observations
that can be utilized to enhance the perfor-
mance and strategy.

5.1.1.2 Integrated

One of the primary strengths of a data
warehouse is its ability to integrate data
from various sources into a cohesive and
unified system. This integration ensures
that data from different departments, sys-
tems, and formats are standardized and
consolidated. For instance, consider a
healthcare organization that collects data
from multiple hospitals, clinics, and lab-
oratories, each with its own data manage-
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ment system. By integrating all this data
into a single data warehouse, the organi-
zation can have a comprehensive view of
patient care, outcomes, and resource utili-
zation. This integration not only simplifies
data management but also enhances the
accuracy and consistency of the informa-
tion, providing a reliable foundation for
analysis and reporting.

5.1.1.3 Time Variant

A data warehouse maintains historical data,
allowing organizations to analyze trends
over time. Unlike operational databases
thatare updated inreal time and reflect only
the current state of data, a data warehouse
stores snapshots of data at different points
in time. This time variant feature is crucial
for businesses that need to track changes,
analyze past performance, and forecast
future trends. For example, a financial
institution might use its data warehouse to
compare quarterly performance, monitor
the growth of customer accounts, or assess
the impact of economic changes on loan
repayments. By having access to historical
data, businesses can identify patterns,
measure progress, and make informed
predictions about future behavior.

5.1.1.4 Non Volatile

Once data is entered into a data warehouse,
it is not changed or deleted, ensuring
that historical data remains intact and
unchanged. This nonvolatile nature of
a data warehouse guarantees that the
data is stable and reliable for long term
analysis. For example, a manufacturing
company might rely on its data warehouse
to keep records of production outputs,
quality control metrics, and equipment
maintenance logs over several years. By
preserving this historical data, the company
can conduct detailed analyses to identify
inefficiencies, track improvements, and
plan for future production needs. This
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stability is essential for accurate trend
analysis and long term strategic planning,
as it ensures that the data used for
decision making remains consistent and
trustworthy.

5.1.2 Components of a Data
Warehouse

A data warehouse is a complex system
designed to consolidate and analyze large
amounts of data from multiple sources.
To function effectively, it relies on several
key components, each playing a critical
role in the overall architecture. Please find
seven important components of a data
warehouse.

¢ Data Marts: Subsets of the data
warehouse tailored for specific
business lines or departments.

¢ Metadata: Data about data,
providing information about
the data warchouse contents
and structure.

¢ Data Sourcing, Cleanup, and
Transformation Tools: Tools
to extract, transform, and load
(ETL) data from operatio-nal
systems into the data ware-
house.

¢ Data Warehouse Database: Ce-
ntral repository where data is
stored.

¢ Query Tools: Tools for querying
and analyzing the data.

Explanation of the each of the point is giv-
en below

5.1.2.1 Data Marts

Data marts are smaller, more focused
versions of a data warehouse designed to
serve the needs of a specific department or
business unit. For example, a large retail
company might have a data mart dedicat-
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ed to the marketing department. This data
mart would contain targeted data such as
customer demographics, purchasing hab-
its, and the effectiveness of past marketing
campaigns. By having a data mart tailored
to their specific needs, the marketing team
can quickly access relevant information
and generate insights that drive their strat-
egies without being overwhelmed by un-
related data.See Fig. 5.1.2 Data Mart.

5.1.2.2 Metadata

Metadata is essentially data about data. It
provides context and information about
the data stored in the data warehouse,
helping users understand what the data
represents, where it came from, and how
it is structured. For instance, in a financial
institution, metadata might include defini-
tions of data fields, data lineage, and trans-
formation rules. If an analyst is looking at
a report on loan default rates, metadata
will tell them which databases the data
came from, how it was processed, and
what each data field means. This transpar-
ency is crucial for ensuring that data is in-
terpreted correctly and consistently across
the organization.

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics

5.1.2.3 Data Sourcing, Clean-up,
and Transformation Tools

These tools are responsible for the Ex-
tract, Transform, Load (ETL) process.
They extract data from various operation-
al systems, clean and transform it into a
consistent format, and load it into the data
warehouse. For example, a healthcare pro-
vider might use ETL tools to pull patient
records from different hospital systems,
standardize the data to ensure consisten-
cy (e.g., aligning date formats and patient
identifiers), and then load the cleaned data
into the data warehouse. This process en-
sures that the data is accurate, consistent,
and ready for analysis.

5.1.2.4 Data Warehouse Database

The data warehouse database is the pur-
posefully built database that stores all the
integrated, cleaned, and transformed data.
Unlike the OLTP database, the data ware-
house database should be designed and
optimized for querying and reporting pur-
poses. For instance, the database of a tele-
communications company will include
call details, customer information, and
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billing data. Therefore, analysts can run
diverse complex queries in order to un-
derstand, for example, whether there are
specific time intervals with the most calls
made, which is the average call duration,
or what is the churn rate of customers.

Amazon Redshift, Google BigQuery,
Snowflake, and Microsoft Azure Synapse
Analytics are examples of typical data-
bases used for data warehousing. Amazon
Redshift is a fully managed cloud-based
data warehouse service used to process
large datasets using serverless computing.
The Amazon Redshift is ideal for busi-
nesses that require petabyte-scale data
with scalability and cost-effective op-
tions. Besides, Google BigQuery offers a
highly scalable data warehousing service
to analyze large datasets, to some extent
in real-time. Snowflake is the third well-
known database for data warehousing,
specifically for being a cloud-native data
warehouse with virtually unique data stor-
age, processing, and analytics. Snowflake
is perfect for diverse data types and work-
loads. Microsoft Azure Synapse Analytics
is another mostly-used data warehouse
with Big Data and Data Warehousing in-
tegration. The database successfully im-
plements big data solutions and analytics
as a unified analysis platform to process a
considerable amount of data without de-
lay for business intelligence and machine
learning needs. These four databases are
extensively used for their resilience, scal-
ability, and ability to execute complicated
queries and complete data analysis by data
warehousing.

Though, PostgreSQL and MariaDB are
not used as Data Warehouses; they may
serve as such to some extent. As for Post-
greSQL, its strong foundation supports
complex queries, extensibility as JSONB,
and capability to perform data warehous-
ing adequately concerning small to medi-
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um sizes of data. MariaDB is often used
for data warehousing due to strong built-
in features fulfilling any demands for data
warehousing tasks considering the scale
of data being of little amount. Howev-
er, to gain an effective outcome for on
large-scale data warehousing purposes,
databases such as Amazon Redshift, Goo-
gle BigQuery, Snowflake, and Microsoft
Azure Synapse Analytics should be used
as they are far more performant, scalable,
and contain additional features to fit the
data warehousing needs.

5.1.2.5 Query Tools

They allow interacting with the data ware-
house by writing and executing queries
to extract necessary information. They
are often delivered as user-friendly tools
which do not require their users to have
any technical skills. For example, a sales
manager can use a query tool to produce
a report on the sales performance of the
last month by comparing their results in
each region. In this way, they can access
the necessary information easily and make
corresponding decisions on the use of their
own resources and programs.

5.1.3 Management and
Administration

This area refers to the organization of man-
aging and administering the overall envi-
ronment of the data warehouse. It implies
the creation of a system which is designed
to manage and deploy the architecture of
the data warehouse easily and efficient-
ly. As this function is crucial for the effi-
ciency of the system, the need is created
for the specific organizational structures
which would be responsible for the man-
agement and administration of the data
warehouse. It is their job to manage the
system and monitor its functioning in the
organization. For example, the IT depart-
ment of a large corporation is responsible
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for keeping the data warehouse backed up,
optimized, and controlling access to their
data.

5.1.4 Information Delivery
System

To provide data to an end user in a usable
format. It can be accomplished by gen-
erating reports or dashboards or creating
visualizations first, which make it easy to
perceive and act on the data. For instance,
a logistics company can use the informa-
tion delivery system to create dashboards
displaying tracking information in real
time related to the location of each ship-
ment, the quantity of inventory at each
location, and the performance of all deliv-
eries. It enables the managers to perceive
the state of logistics at glance and make
timely decisions.

5.1.5 Data Warehousing
Architecture

Data warehouse architecture is a complex
concept which includes different compo-
nents working together. Data warehouse
can have several architectures, but the
main types are:

Optional
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Reporting Tools

¢ Single Tier Architecture - the
simplest form of data ware-
house architecture, where all
components are combined into
a single layer

¢ Two Tier Architecture - this
form of architecture separates
the data warechouse and the
user applications

¢ Three-Tier Architecture - in
three tier architecture, the data
warehouse is divided into a
staging area, a data integration
layer, and a data access layer.

5.1.5.1 Single Tier Architecture

The single tier architecture is the most ba-
sic form of data warehouse architecture. It
is a type of architecture used to keep all
the components together in a single layer.
This architecture is used to reduce redun-
dancy of data. It integrates all the compo-
nents like data acquisition, storage, and
access within a single project. However,
this architecture is not in use often as it
is not scalable and cannot be the source
for multidimensional and client-server
storage issues. Show fig. 5.1.3 Single-Tier
Data Warehouse Architecture.

Source Layer

Data Warehouse

Source Layer

QJLAF Tools

Fig 5.1.3 Single-tier Data warehouse Architecture
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5.1.5.2 Two Tier Architecture

Data Source Layer: It is the layer where
the data is the originating layer found. It
includes operational systems like ERP,
CRM, SCM, etc. Marts and metadata lay-
er can also be accommodated within the
data source layer. Marts may include Data
Marts, dependent and independent data
marts. It is where the data is cleaned, ex-
tracted, transformed and loaded.

Data warchouse layer: It is the central
data repository where the data is cleaned,
transformed, and stored. It is also a lay-
er of database and multidimensional da-
tabase. It includes conformed facts and
dimension, Physical ODS and Retain
Non-Conformed Dims and facts. It helps
to facilitate the history and summaries of
the structures.

5.1.5.3 Three layer Architecture

There are also some common advantages
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of using the 3-Tier Architecture. First, it is
more effective and has better performance
in managing data. It processes the data and
prepares it to be loaded to the data ware-
house. Besides, data is well organized and
integrated so that querying and analyzing
are properly done. It has much better scal-
ability performance. Most importantly,
data and its storage are an input process,
but generated data is stored separately
from querying and using the data. Since
use does not directly affect the storage,
data processing in terms of input and que-
rying can be properly done despite the
massive volume.

The selection of an appropriate data ware-
house architecture is determined by the
needs and size of an organization. Sin-
gle-tier architecture is easy to use and
integrated into a system but is inefficient
in terms of scaling. Two-tier architecture
is slightly better but may still cause cer-
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tain performance issues with the growth
of data. Three-tier architecture is the best
solution regarding performance, scaling,
and operations with information.

5.1.6 Building a Data
Warehouse

Building a data warehouse involves sever-
al steps and considerations. Two primary
approaches are:

¢ Top Down Approach: Starts
with an enterprise wide data
warehouse followed by the
creation of data marts.

¢ Bottom Up Approach: Begins
with creating data marts and
integrates them to form an
enterprise data warehouse.
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5.1.7 Bottom Up Approach in
Data Warehouse Building

The bottom-up approach, developed by
Ralph Kimball, is a way of constructing
a data warehouse focusing on small data
marts with specific business applications.
Functioning as miniature data warehous-
es, data marts serve to concentrate analyt-
ical attack on a limited scope of business
operations, for instance, sales, marketing
or finance. The first step is the creation
of a number of small, separate data marts
serving the analytical needs of each de-
partment. As an illustration, the sales de-
partment might need a data mart for sales
figures, customer purchases, and revenues.
When multiple data marts are in place,
they are combined into an enterprise data

warehouse.
%




Main advantages of this approach is a
low-risk solution in that data marts op-
erate as separate entities, carrying their
specific analysis across. For example,
the sales department is able to begin us-
ing the data mart for their own purposes,
rather than having to wait for the whole
data warehouse to be constructed. Cost-ef-
fective as data marts are standalone small
implementations and thus require much
less outlay. Each department only needs to
invest in its own data mart. The bottom-up
approach can be more flexible and easier
to alter or extend in case of organizational
growth. New data marts can be added one
by one.

5.1.7.1 Challenges

Integration Complexity: The first chal-
lenge is associated with the fact that a
data warehouse often involves many data
marts. As a result, all of them have to be
combined in order to obtain a single and
preferable unified structure. This process
requires time and can be quite complex
due to the need to ensure that the rela-
tions among different data elements are
preserved and accommodated. As a result,
data integration requires careful planning
to guarantee the desired consistency.
Data Redundancy: The second main
challenge is better explained by the im-
perfection of the described approach. In
this context, it is necessary to note that
without a centralized approach, several
types or sources may provide similar data.
As a result, there may be several types or
versions of the same data, and it is no lon-
ger possible to draw accurate results from
their analysis because of redundancy and
inconsistency.

5.1.8 Top-Down Approach in
Data Warehouse Building

The top-down approach, championed by
Bill Inmon, involves creating a compre-
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hensive, enterprise wide data warehouse
before developing individual data marts.
This method starts with a large-scale ef-
fort to gather, clean, and integrate data
from across the organization into a single,
centralized repository.

In this approach, the focus is on building
a robust and scalable data warehouse that
can serve the entire organization. Once
the central data warehouse is established,
smaller, department specific data marts
can be created to meet the unique needs of
different business units. By starting with a
comprehensive data warehouse, organiza-
tions ensure that all data is integrated and
consistent from the outset. This eliminates
data silos and provides a single version
of the truth. A well designed central data
warehouse can be scaled to accommo-
date future growth and evolving business
requirements. This approach provides a
holistic view of the organization’s data,
enabling cross functional analysis and
strategic decision making.

Main challenges associated with data
warehouses. An enterprise wide data
warehouse is a complex project that can
take considerable time to complete. Orga-
nizations may need to wait longer to see
the benefits. The upfront investment re-
quired for a top down approach can be sig-
nificant, which may be a barrier for some
organizations.

5.1.9 Choosing the Right
Approach

The argument for the choice of bottom- up
and top-down approaches will depend on
the specific needs, resources, and goals of
the organization. Besides, the applicability
of one of these approaches would also de-
pend on the organization requirements to
provide the architecture which is time-ef-
ficient and cost-efficient. In this case, the
bottom-up approach is a suitable choice



for the organizations where quick and easy
wins for certain departments are needed,
and data marts can be integrated later. The
top-down approach would become an ac-
ceptable variant for the organizations that
are high on the issues of uniformity, in-
tegration of the data, and possible further
scalability, even though such approach is
time-consuming and costly.

On the other hand, it can be argued that two
approaches can be used during the process
of planning an integrated and unified en-
terprise data warehouse. An organization
can start with a few target data marts to
achieve some short and medium-term ob-
jectives while leaving a perspective of de-
veloping this warehouse in the future. In
this way, a middle ground can be found for
the need for quick and easy wins and the
desire for having a fully functional data
warehouse solution.

5.1.10 Data Extraction,
Cleanup, and Transformation

Data extraction involves retrieving data
from various sources. Data cleanup and
transformation ensure that data is accu-
rate, complete, and formatted consistently.

Key Processes:

¢ Extraction: Pulling data from
source systems.

¢ Transformation: Converting
data into a suitable format.

¢ Loading (ETL): Loading tran-
sformed data into the data
warehouse.

This part we will discuss in detail in the
next part

5.1.11 Benefits and Applica-
tions of Data Warehousing

Data warehousing provides several bene-
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fits, including improved data quality and
consistency, enhanced decision support,
and better business intelligence. Appli-
cations of data warehousing include de-
velopment of Decision Support Systems
(DSS); Business Intelligence (BI) design
etc.

Data warehousing is a vital technology
for businesses that need to analyze large
amounts of historical data. By understand-
ing its components, architecture, and pro-
cesses, organizations can better leverage
their data to make informed decisions.

5.1.12 Introduction to OLAP
and OLTP

There are two basic systems that are es-
sential for properly operating data an-
alytics processes and allow generating
appropriate results, and they are Online
Transaction Processing and Online Ana-
lytical Processing. It is important to note
that these systems perform different func-
tions and are applied to serve different
types of workflows. The first one is de-
signed to manage transaction oriented ap-
plications, and it is an OLTP system. This
type of system is extensively used for ev-
eryday business operations because it al-
lows managing a great number of short
online transactions that are quite typical
in this area. For instance, the operations
that take place in this context include or-
der entry, financial operations, customer
relationship management, and retail sales.
A typical example of OLTP system ap-
plication includes a point of sale system
in a supermarket. In this case, when the
cashier scans a product, the OLTP system
immediately retrieves the corresponding
information, asks the database to calculate
the total, manage the inventory implemen-
tation, and save the sales operation. This
process, thus, requires multiple brief and
operative operations at different levels,
creating an image of a reliable and quick
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system. Its other features are as follows:
Frequent Updates, contains specific cod-
ing, Real Time Processing, Short Trans-
actions, no historical data: looks forward,
Normalization, so on.

5.1.13 Properties of OLTP

@,

1. Transaction volume: As the name

suggests, the online transaction
processing system altogether is
designed to handle a large volume
of tra-nsactions. Just think how
many transactions occur in a
supermarket daily, each pro-duct
scanned at the check-out, payments
made, and inventory added and
deleted. The system needs to make
an entry for every transaction and
all of them quickly. OLTP systems
are designed to handle thousands
of transactions, even millions of
transactions with-out any problem.

Real time processing: One of
the best features of the OLTP
system 1is that they can process
transactions in real time. Suppose
you want to take money out of
an ATM, a registered action, then
the transaction will be completed
by updating your account details.
This 1s crucial where services
are booked from one source and
scheduled from another. For
example a flight is booked online,
then a reference is made while
booking a ticket to keep the seat
reserved for you until the website
gets a confirmation from the
primary airline server or some.

Data Integrity and Consistency:
Systems that work with OLTP
data require data integrity and
consistency to be maintained.
OLTP workloads leverage the
ACID properties: Atomicity, Con-
sistency, Isolation, and Durability.
Atomicity states that every part
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of a transaction must be done
perfectly or not at all. Consistency
defines a rule that any transaction
must take any database from one
valid state to another. Isolation
implies that a transaction must
be isolated from others until its
successful completion. And, the
last property, Durability ensures
that completed transactions remain
completed even in the event of
a system crash. Meanwhile, all
these definitions describe the
transaction in their own way but,
all of them have a corresponding
aspect of maintaining proper data
consistency and integrity.

Short Transactions: Any transa-
ction that takes part in OLTP has
to be short and fast. It relates to
their simplicity: when you buy
goods on Amazon, the application
only needs to write in the database
your order, update the warehouse,
and take the money. All these
operations should be performed in
less than a second, and they must
be short anyway to maintain the
application’s overall performance.
And, though, the example with
Amazon is quite trivial, its archi-
tecture is highly important as we
would feel quite unhappy if we
had to wait a few minutes every
time we ordered a book.

Normalization: Data stored wi-
thin OLTP systems is heavily
normalized. This means that data is
organized in a way that eliminates
redundancy and, thus, ensures
integrity. For instance, while it
may seem reasonable to store the
full address of each customer with
each order made by this address, it
will create a significant redundancy
in data storage. To avoid this, all
orders and other necessary data
concerning the customers can be



linked to some address storage
that contains the full address of
this customer.

Concurrent Access: As it was
noted, OLTP systems are built to
support many users accessing the
system simultaneously. Imagine
a busy online store that organizes
a sale and hundreds of users
simultaneously decide to purchase
goods. To ensure security and
rapid information exchange, OLTP
systems use sophisticated locking
mechanisms that allow numerous
people to perform various
transactions without conflicts and
prevent a decrease in performance.

Quick Retrievals and Updates:
Notably, OLTP systems are
designed for speed. There are few
queries that such systems perform
slowly; instead, they are optimized
to retrieve and update information
rapidly. The typical tools that
are used to maintain the required
performance include indexing,
caching, and partitioning. An
example is when a cashier scans
an item that was purchased in a
store. The system should receive
the information on the item and
retrieve its price from the database
quickly for the cashier to know
how much to charge. The speed of
information retrieval is paramount
in cases where several people are
waiting in line, and checking out
should occur as fast as possible.

Low Query Complexity: In most
cases, OLTP systems make simple
queries that focus on retrieving
specific information as swiftly as
possible. Such manner of queries
differs from those found in the
analytical counterpart to these
systems; in contrast to OLAP,
the questions that concern OLTP
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are straightforward and do not
involve many sources or types
of information. As an example,
consider a query that retrieves all
transactions made by one client
in a store on a certain date. Many
similar questions should provide
rapid responses in various OLTP
systems.

Online transaction processing systems or
shortly OLTP systems present the founda-
tion of transactional data management in
various industries. Their use is common in
retail, banking, online services, customer
relationship management, and similar sec-
tors where they ensure that transactional
data is processed quickly and accurately
— often in real time. Due to the innovative
design that allows them to handle high
volumes of short transactions, support
data integrity, and tolerate concurrent ac-
cess, OLTP systems are an indispensable
part of daily business operations.

5.1.14 Online Analytical
Processing (OLAP)

On-Line Analytical Processing on the oth-
er hand, is especially designed for query-
ing and analyzing an extensive amount
of data. In contrast to OLTP systems,
OLAP systems are aimed at performing
nontrivial operations as they are targeted
to support heavy operations over a great
amount of data and are used to facilitate
complicated queries that include aggrega-
tions, trends, and statistical analysis. Since
OLAP systems are used for business in-
telligence, it is critically important for ev-
ery organization to have an insightful tool
that provides an opportunity to analyze
the historical data and make reasonable
decisions. For instance, the OLAP system
can help a retailer to explore sales over
the past year, detect the break in the trend,
compute trends and forecast the amount of
sales over the coming year to make proper
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and timely decisions on decreasing pric-
es, changing the suppliers, or launching
a new product. The main difference be-
tween OLTP and OLAP systems is that
the former uses a relational data model
and the latter utilizes a multidimensional
data model which gives an opportunity to
view the data from different angles: time,
geography, product, etc.

Multidimensional Analysis: OLAP Sys-
tems are designed to accommodate multi-
dimensional analysis. The structure is of-
ten visualized as a data cube, where each
dimension in the data cube represents a
different aspect of data. For example, a
retail company might analyze their sales
by time, a period of months, quarters, and
years, region by different cities, states,
and countries, and product for electronics,
clothes, and groceries. With multiple di-
mensions being taken into consideration,
this approach becomes handier to spot the
trends, patterns, and outliers.

Complex Queries: OLAP System is not
restricted to standard SQL queries. It is
designed for more complex queries that
involve data aggregation, summary, and
comparison. However, because of a high-
er number of computations and data in-
volved, queries like this might require
more time. For example, it might take
hours to calculate the total revenue from
sales for each category of the products in
each separate region during the last four
years. Oriental OLAP can accommodate
this type of analysis quickly and efficient-

ly.

Aggregation and Summarization: An-
other key characteristic of OLAP Systems
is that it is designed to aggregate and sum-
marize the data. Aggregation implies the
process of collecting and assuming the
target data to provide a summary, such
as average, total, or maximal operation.
Summarization implies simplification of
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a large data set to analyze the informa-
tion more effectively. For example, fig-
ured monthly store sales in Oriental Retail
Chain can be simplified to receive a total
for each of the stores. This information
might be more useful to analyze the gen-
eral trends and outliers.

Historical Data: One more key feature
of OLAP Systems is that it stores histor-
ical data, which is critical to any busi-
ness. For example, a retail company might
use OLAP to analyze this year’s Activi-
ty-Based Sales Performance and compare
it to the previous year data by the same
category.

Data Consolidation: OLAP systems con-
solidate data from different sources, al-
lowing a general analysis. For example,
the company will see in one system both
data on sales in different regions of the
countries, customer feedback in surveys,
and the financial state of the company ac-
cording to accounting records.

Support for High-Level Summaries and
Drill Downs: OLAP systems allow both
high level summaries and drilldowns. The
system will provide information in gener-
al, and the user will be able to press data
quickly and go to a more detailed view for
each. For example, the head of the compa-
ny in OLAP will see the general dynamics
of sales in the company and click on spe-
cific products for more detailed informa-
tion.

5.1.15 The importance
of OLAP systems in data
analytics

1. Enhanced decision making OLAP
systems help in improving the
effectiveness of the decision-
making process. Through all
dimensions and perspectives, the
system provides valuable insights
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to enable the decision-maker to
evaluate alternative decisions
by determining all rational
possibilities hence the decision
can be considered rational. For
example, the sales and marketing
team can evaluate the amount of
the product that customers are
buying for a particular duration to
get what they would focus on in
their next marketing campaign.

Improved business intelligence
OLAP systems are crucial in
business intelligence. It enables
users to transform raw data into
valuable and useful information.
The technology allows analyzing
the business by performing more
sophisticated types of analysis
like profitability analysis, market
trends, and customer segmentation
analysis that help management in
strategic and competitive planning.

Efficiency in analyzing data OLAP
technology helps in streamlining
the data analysis process, analyzes
complex queries and provides a
swift response to them by pre-
aggregating and pre-calculating
data. Using OLAP technology
enables a company to analyze all
data sources ranging from smallest
to largest to cater for various market
reactions and opportunities.

User friendly interfaces Some ofthe
available OLAP technologies have
user-friendly interfaces that know
both how to develop sophisticated
queries across multiple tables at
the same time, and users can also
draft their analysis by moving
objects from one place to another
like the drag and drop, using
pivot tables to organize data, and
interactive dashboards to help
end-users perform ad-hoc analysis
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to gain powerful insights from
their data. For instance, a sales
outlet using the OLAP technology
can generate custom reports and
dashboards without involving IT
and analytical experts.

5. Support for predictive analysis
technology expands not only
potentials to leverage the analysis
of the past, present, and future
access by employing technologies
for predictive analysis. For
example, using OLAP, a retailer
could predict the future rate at
which they sell the product by
looking into past sales trends
and set their inventory and plan
marketing strategies in place.

OLAP systems are a fundamental part of
today’s data analysis tools. Organizations
use OLAP on a regular basis because
these tools can provide efficient methods
for multidimensional analysis and for ex-
ecuting a wide range of difficult queries.
Businesses need OLAP systems so that
they can gather the necessary information
to make an informed decision and oper-
ate in an efficient way to stay on the top
of the list of competitors. Since OLAP
systems refer to the data from multiple
sources, provide support for historical
analysis, and include user-friendly surfac-
es, organizations become able to fully use
the power of data for their benefits. That
is, whether an organization needs this tool
for strategic planning, market research, or
operational efficiency, OLAP systems are
the best option for any data-driven orga-
nization.

A data warehouse is a repository of data
collected from multiple data sources and
stored in a central location that is opti-
mized for querying and analysis rather
than transaction processing. It allows for
data consolidation from various sources
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to provide a single comprehensive enter-
prise-wide view. Its characteristics include
subject-oriented, integrated, time-vari-
ant, and non-volatile. A data warehouse
includes several key components: data
marts, or subsets of data developed for a
specific business unit; metadata, to pro-
vide data about data; ETL tools to extract,
transform, and load data from the source
systems; a data warehouse database to
store integrated, cleaned, and transformed
data; and query tools.

One other system, OLTP, enables the
management of transaction-oriented ap-
plications with frequent updates and pro-

Recap

Data Warehousing:

cessing of transactions in real time. Un-
like OLAP, it does not handle large query
volumes, data analysis, or queries that are
too complex.OLTP includes the follow-
ing functions: handling large volumes of
transactions, ensuring data integrity and
constant update consistency, processing
online transactions in real time, support-
ing user connectivity, implementing crash
recovery mechanisms, supporting both
network-based and client-based architec-
tures, and supporting high performance.
OLAP also includes sophisticated query
applications that require analysis of large
volumes of data from multiple perspec-
tives and includes aggregation.

¢ Purpose: Centralized storage for large volumes of integrated data, enabling

efficient querying and analysis.

¢ Features: Subject-oriented, integrated, time-variant, non-volatile.

¢ Components: Data warehouse database, metadata, data marts.

¢ Architecture: Single-tier, two-tier, and three-tier architectures.

¢ ETL: Extract, Transform, Load process for integrating data.

OLTP (Online Transaction Processing):

¢ Characteristics: Handles high transaction volumes, processes transactions
in real-time, focuses on current details.

¢ Use Case: Managing daily operational transactions, such as order processing

and inventory management.

OLAP (Online Analytical Processing):

¢ Characteristics: Enables multidimensional analysis, complex querying,

and historical data analysis.

¢ Use Case: Analyzing trends, generating reports, and gaining business

insights from large data sets.

W,
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Objective Type Questions

What is the primary purpose of a data warehouse?

2. What feature of a data warehouse ensures that data is organized around
subjects like sales and customers?

In the context of a data warehouse, what does the term “Integrated” refer to?

Which characteristic of a data warehouse allows for the analysis of trends
over time?

5. How does a data warehouse ensure that data is not changed or deleted once
entered?

6. What component of a data warehouse is specifically designed to serve the
needs of different departments?

7. What is the role of metadata in a data warehouse?
What does the acronym ETL stand for in data warehousing?

What is the central repository where all integrated data is stored in a data
warehouse?

10. What is the data warehouse architecture that separates data processing and
storage from data access?

I1. In a three-tier data warehouse architecture, what is the role of the staging
layer?

12. What approach to building a data warehouse involves starting with data
marts and then integrating them?

13. Which characteristic of OLTP systems ensures that transactions are processed
immediately as they occur?

14. What is a primary use case for OLAP systems?

15. How do OLAP systems enhance business intelligence?

Answers to Objective Type Questions

Centralized querying and analysis.

Subject Oriented.

Consistent and standardized data.

Time Variant.

Non-Volatile.

Data Marts.

Provides context and information about data.

Extract, Transform, Load.

2 g N ey o WY =

Data Warehouse Database.
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10. Three-Tier Architecture.

11. Extract, clean, and transform data.

12. Bottom-Up Approach.

13. Real-Time Processing.

14. Analyzing historical data.

15. Multidimensional analysis and complex querying.

Assignments
1. What is the main purpose of a data warehouse?
2. What does OLTP stand for, and what is its primary function?
3. How does OLAP help in analyzing data?
4. What is the role of data marts in a data warehouse?
5. What does ETL stand for, and why is it important?
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Unit 2

Design, Dimension, Star Schema,
Snowflake Schema

Learning OQutcomes

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

¢ define the key concepts and components involved in designing a data
warehouse.

¢ identify different types of dimensions used in data warehousing, such as
time, geography, and product.

¢ describe the structure and components of a star schema, including the fact
table and dimension tables.

¢ cxplain the structure of a snowflake schema and how it differs from a star
schema.

¢ listthe key characteristics and differences between star schema and snowflake
schema.

Prerequisites

Imagine designing a data warehouse like organizing a large library. Just as you would
create a system to categorize books by genres, authors, or publication dates to make
them easily accessible, designing a data warehouse involves setting up a structure that
organizes data effectively for querying and analysis. You create a logical framework to
handle vast amounts of data, ensuring that it’s stored in a way that supports efficient
retrieval and reporting.

When thinking about dimensions in data warehousing, consider them like different sec-
tions of a library, such as history, science, or fiction. Dimensions like time, geography,
and product help categorize and label data, making it easier to find and analyze. The
star schema is similar to having a central catalog with various sections around it, while
the snowflake schema resembles a more detailed catalog with sub-sections for deeper
organization. Understanding the differences between these schemas helps in selecting
the right approach for managing and analyzing data effectively.




Key words

Design, Dimensions, Star Schema, Snowflake Schema

Discussion
5.2.1 Data Warehouse Design

Designing a data warehouse refers to the
structuring of data in a manner such that
it is easy to query and analyze. In data
warehousing, two types of schema are in-
corporated, namely the star schema and
the snowflake schema. The schemas are
essential in organizing data into dimen-
sions and facts making it easier to re-
trieve and analyze data. Designing a data
warehouse is crucial to preventing data
chaos. It helps in planning the structure
of the data as well as determining how
data will be stored and the methods of ex-
traction, transformation, and loading data
into the warehouse. A properly designed
data warehouse reduces the complexity
of the data extract and other processes in
addition to making it easier to access and
manage data. There are sufficient things
that one must take into account during the
design process. Some of the main consid-
erations are described and the importance
of each of them is illustrated below.

Data modeling process is to describe the
structure of the data warehouse by means
of tables, relationships, and data types.
A good data model helps guarantee the
proper storage and retrieval of the data.
For example, let us suppose that in a re-
tail company, one will want to track sales
data. In such a case, the data model will
have the following tables: Sales, Custom-
ers, Products, and Stores. The Sales table
will represent the fact table and include
transactional data, whereas the other ta-
bles will serve as dimension tables and
represent the context of sales data. Dimen-
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sion tables will include customer’s details,
such as demographics, products’ details,
and malls’ addresses. Proper relationships
between these tables and keys guarantee
the quick retrieval of data and correct ref-
erencing and logical organization within
the data warehouse. Those will be cov-
ered in the next unit. ETL processes or ex-
tract, transform, load, processes are very
important, as they guarantee the accurate
extraction of data from the source system,
the transformation of it to meet consistent
quality standards and the loading to the
data warehouse. It is all about guarantee-
ing the clean quality of the information.
We will discuss all of the above in the fol-
lowing sections.

As we have already mentioned in our ear-
lier units, data quality is gauged by the
completeness, the correctness, the format
and the integrity of the data. The examples
include having incomplete data and enter-
ing a wrong birthdate for a customer. For
example, if we consider a financial insti-
tution, it is impossible to get accurate data
on financial reports if wrong data is pro-
vided. Data quality measures in the ETL
include certain validation checks, such as
having account numbers in the database
and not setting dates beyond the operation
period. With such checks, one will be able
to avoid issuing messy data and one will
always be able to track transactions by a
certain account number and specific date.
Regular audits and cleansing routine guar-
antee no data decay.

The data warehouse should be designed
keeping in mind that the data would grow
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with time and the queries would be more
complex. The system should be scalable
so that the organization could invest in the
infrastructure for the further addition of
data without much degradation of the per-
formance of the system. For example, an
ecommerce company’s volume of transac-
tions is increasing at a faster rate than be-
fore. They should have a data warehouse
that could store these data without any
worry. They could partition large tables
to facilitate the querying process and reg-
ularize the ETL process to handle higher
data.

Performances of the system matter when
we need the data processes to be carried
out in a short time. Designing the data
warehouse in such a way that the structures
take the least amount of time to write or
store the data and that is necessarily need-
ed is a good way of optimizing the perfor-
mance of the system. For instance, a lo-
gistics company should be up to date with
the number of items available in stock. To
design such a data warehouse, they may
probably use the indexing mechanism for
the items which are mostly sold in their
company and may also use the in mem-
ory concept for running the system and
also optimize the ETL schedule in such a
way that new data must be pulled and pro-
cessed in four hours without affecting the
query pulling time.

Securing the data warehouse should also
be one such aspect of designing the sys-
tem. One should ensure that the system
should necessarily have the data which
they can access only for authentication.
Security is the main reason why organi-
zations would model their application to
have separate views for a regular user and
an administrator. We will also be discuss-
ing this in our future notes.

Data Governance is actually the manage-
ment of data from the time in which they
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were created to the time they are or they
were used. One should make sure that the
data are consistently generated and used
and that is the simplest. It could be in
the form of assigning the data to the root
user who created them and it could also
embody the concept of regularly cleaning
the data in the data warehouse. A multina-
tional company could have a policy such
that their data from the different regions in
their sales department should be uniform
or necessarily the same. They should do
this by setting up a data format standard,
a rate to which the data should be correct.
This could be managed by having a data
manager who takes care of the data by reg-
ularly using the dialect to set the standard
of the data. Details of the data governance
will be discussed in the next unit.

There are several key points to consider
when designing a data warehouse. These
are data modeling, ETL processes, data
quality, scalability, performance, securi-
ty, and data governance. As a result, data
warehouses can meet the need of organi-
zations to carry out efficient and reliable
data analysis. Moreover, data warehous-
es provide a stable and reliable basis to
make the business more data-driven, with
the help of using data as a strategic asset.
To follow are the examples of the dimen-
sions, frequently used in data warehous-
ing, detailed with real-life examples.

5.2.2 Dimension

Dimension is a structured business view
that categorizes fact data and measures to
allow users to answer business questions.
In other words, dimensions play a key part
in data warehousing. The data stored in
fact tables is useful if and only if it is de-
scribed and presented adequately. On the
other hand, business questions raised by
the stakeholders make sense only if they
have a proper context with relevant at-
tributes to measure their performance or
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to establish criteria to meet their require-
ments.

5.2.2.1 Time dimension

Time dimension is one of the most widely
used dimensions in a data warehouse. It
helps the user to analyze the data across
different time periods such as day, week,
month, quarter and year. More than any
other factor, the dimension is key in data
trend analysis, seasonality studies and
time series forecasting. A retail company
might want to track sales across different
periods of time. The time dimension table
would be designed to include such attri-
butes as Date, Day, Week, Month, Quarter
and Year. This table will help the company
to compare sales across different months
of the year, identify high season and low
season months, and forecast the future
years’ sales using the historical sales.

5.2.2.2 Geography dimension

The geography dimension provides geo-
graphical context to the data. The dimen-
sion helps the users to analyze data by lo-
cation such as country, region, state, city or
store. The dimension is valuable for com-
panies with regional operations because it
helps to understand the sales performance
across the regions. A multinational com-
pany might want to analyze sales across
different regions. The geography dimen-
sion table would be designed to include
such attributes as Country, Region, State,
City and Store. This table will enable the
company to identify the best performing
regions, fashion location specific market-
ing strategies, and optimize the supply
chain by understanding the performance
differences across the regions.

5.2.2.3 Product Dimension

Product dimension provides details about
products or services offered through the
company. It is used to analyze the sales
and inventory data by product categories,
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brands, and individual products. Example:
An e-Commerce company may use the
product dimension to track the sales of
different product categories. The product
dimension table might include the attri-
butes ProductID, ProductName, Catego-
ry, Subcategory, Brand, Price. This can
help the company to find out which prod-
ucts are top sellers, how much inventory
of each product should be kept, and see
which products are not performing well.

5.2.2.4 Customer Dimension

Customer dimension provides informa-
tion about customer demographics and be-
havior. It is used to analyze the sales and
marketing data by customer attributes like
age, gender, income, and location. Exam-
ple: A subscription-based service might
use the customer dimension to get better
information about its customer base. The
customer dimension table might include
the attributes CustomerID, Customer-
Name, Age, Gender, IncomeLevel, Loca-
tion, SubscriptionType. This information
can help the company to send more target-
ed email promotions, reduce the custom-
ers that cancel the subscriptions, and find
the target demographics for new services.

5.2.2.5 Supplier Dimension

The supplier dimension is used to analyze
data that is related to suppliers. It provides
details about suppliers and thus is crucial
for supply chain management and pro-
curement analysis. For example, a man-
ufacturing company can use the supplier
dimension to keep track of performance
and reliability of all its suppliers. Some
of the attributes that can be included in a
supplier dimension table are SupplierID,
SupplierName, Location, ContactInfor-
mation, ProductSupplied, and Delivery-
Timeliness. This data allows the company
to see the performance of suppliers, nego-
tiate better terms with the most responsive
suppliers, as well as ensure a consistent
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and safe supply of materials.

5.2.2.6 Employee Dimension

The employee dimension provides infor-
mation about the company’s employees
and is used for analyzing human resources
data. Such dimension helps organizations
describe and analyze the workforce in
terms of different demographics and per-
formance data. For instance, a corporation
that has dozens of thousands of employees
may use this dimensional model to keep
track of its enormous workforce. Some
of the attributes for an Employee dimen-
sion table can be EmployeelD, Employ-
eeName, Department, Position, HireDate,
Location, PerformanceRating. The data
in the table will allow the corporation to
assess the effectiveness of its workforce,
plan its labor needs, identify weak per-
formance areas, and determine training
needs.

5.2.2.7 Sales Channel Dimension

The sales channel dimension describes
different channels through which products
and services are sold. Such dimension is
typically used to describe and analyze
sales data and compare the performance
of different sales channels. For example,
a company that sells goods via online, in-
store, and third-party distributors can use
the sales channel dimension to track the
effectiveness of each sales channel. The
dimension table could contain data includ-
ing ChannellD, ChannelName, Channel-
Type, Location, and the like. Such a table
provides additional information that can
help the company allocate resources cor-
rectly, devise a strategy for different sales
channels, and understand customer prefer-
ences for each sales channel.

In data warehousing, dimensions are an
important concept because they provide
context for analyzing and understanding
data. Time, geography, product, custom-

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics

er, supplier, employee, or sales channel —
each dimension gives a certain perspective
that helps in making thoughtful decisions.
Analyzing dimensions that are correctly
designed to serve business needs, one can
get answers to questions, dig into details,
follow some trends, etc. This helps in tak-
ing strategic decisions. Knowing what is a
dimension and which types of them exist
is important when it comes to data ware-
housing and making broad use of a data
warehouse.

Another important concept related to di-
mensions are schemas. Fact tables are
linked to dimensions through schemas,
which makes sense of data and creates
context for analyzing, which results in
efficient querying. Let’s discuss two com-
mon types of schemas that are used to link
dimensions to fact tables, the star schema,
and the snowflake schema.

5.2.3 Star Schema

The star schema is one of the basic designs
of the data warehouse and the simplest that
is used for its creation. Its peculiarity is
that it resembles a star design. This sche-
ma is very widely used today because it
has a great number of advantages. In par-
ticular, its main advantage is, of course, its
simplicity and ease of use, as well as its
effectiveness, which is determined by the
fact that its structure allows for easy and
rapid addition of new dimensions. Anoth-
er characteristic feature, which has a posi-
tive impact on the work with it, is its high
performance. See fig. 5.2.1 Star Schema.

5.2.3.1 Fact Table

The fact table is the central table of the
star schema. It contains quantitative data
that can be realistically analyzed. Her
lines are devoted to characteristic events
or transactions. The fact table usually con-
tains foreign keys that connect it to the di-
mensions. Let us look at a fact table for a
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Fig 5.2.1 Star Schema
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Dimension

retail organization is Sales. Its columns may be as follows:

‘SaleID" (Primary Key)

"ProductID" (Foreign Key to Product Dimension)
*CustomerID" (Foreign Key to Customer Dimension)
“StorelD" (Foreign Key to Store Dimension)
*SalesAmount’

*UnitsSold

5.2.3.2 Dimension Tables

Dimension tables contain data that are descriptive or qualitative in nature about the
facts. Most of the attributes from the fact table are stored as dimension tables. The rela-
tionships between dimensions and with the fact table are maintained using the primary
and foreign keys, respectively.

¢ Product Dimension: Contains information about products.
"ProductID" (Primary Key)
"ProductName’
“Category’
‘Brand’

¢ Customer Dimension: Contains information about customers.
"CustomerID" (Primary Key)
"CustomerName"
‘Age’
‘Gender’

‘Region’
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¢ Store Dimension: Contains information about stores.
“StoreID" (Primary Key)
*StoreName®

‘Location’

5.2.3.3 Benefits of the Star Schema
1. Simplicity and Ease of Use

The star schema is straightforward to design and understand. The clear separation be-
tween fact and dimension tables makes it easy for users to write queries and generate
reports.

2. Efficient Query Performance

Queries may include joining of the fact table with any dimension one. Importantly,
since these dimensions are small and denormalized, such joins are quick and efficient,
ensuring that data professionals or business end-users would be able to benefit from
quicker performance of their queries.

3. Intuitive Data Exploration

This type of design is suitable for many businesses as it is assisting data warehouse
designers and their stakeholders to think about data in a simple and logical way. Thus, a
sales manager can be willing to compare sales of products ‘a’ and ‘b’ in a given month
of a specific region. This is simple to design and execute when the data is stored in a
star schema.

Overall, all parts of the star schema have their pros and cons, where the central fact
table is surrounded by all of the essential dimension tables. The quality of such design
is appropriate for easy and intuitive data analysis.

5.2.4 Snowflake Schema

The snowflake schema can be considered an extension of the star schema and found
applications in data warehousing. It is characterized by the normalization of dimension
tables into multiple related tables, reducing data redundancy and improving data integ-
rity. This structure is called a “snowflake” because its diagram resembles a snowflake
shape, with multiple branching layers.

Important features of the Snowflake Schema are given below

1. Normalized Dimension Tables: Unlike the star schema, where dimension
tables are denormalized, the snowflake schema normalizes them. This means
that in snow flake schema larger tables are broken into smaller ones.

2. Improved Data Integrity: By normalizing the dimension tables, the
snowflake schema ensures that data is consistent and avoids duplication.

3. Complex Queries: The normalized structure can make querying more
complex because it often involves joining multiple tables.

5.2.4.1 Components of the Snowflake Schema

1. Fact Table: The central table that contains quantitative data or facts such
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as sales amounts, quantities sold, or transaction counts. This table contains
several foreign keys that are referenced to primary keys of dimension tables.

2. Dimension Tables: These tables store descriptive attributes related to the
facts. In a snowflake schema, these tables are normalized into multiple
related tables.

Example of a Snowflake Schema

Let’s consider a retail company that wants to analyze its sales data. The company needs
to track information about sales transactions, products, customers, and time. Here’s
how a snowflake schema would be structured:

Fact Table

The fact table might include:
‘SalelD" (Primary Key); 'DatelD" (Foreign Key); "ProductID" (Foreign Key); "Custo-
merID" (Foreign Key); "StoreID" (Foreign Key); ‘SalesA,mount’ *UnitsSold"

Dimension Tables

Instead of having denormalized dimension tables, the snowflake schema splits these
into smaller, normalized tables. It may be having following dimensions such as Time
Dimension, Primary Table & Related Table, Product Dimension, Primary Table &
Related Table etc

5.2.4.2 How It Works

Sales Analysis: To analyze sales, a query might join the fact table with the time, prod-
uct, customer and store dimensions. For example, if you want to get the total sales
amount by product category for a year, the query would join the fact table with the
product dimension and time dimension, walking through the related tables in order to
get the necessary information.

Data Integrity: By normalizing the dimensions, data redundancy is reduced. For exam-
ple, the category name of products is stored only once in the Category table and related
to the Product table using the CategorylD. This way, the same category name is not
duplicated for many product records.

5.2.4.3 Benefits and drawbacks of Snowflake Schema

Normalization of the schema means that a distinct piece of information is stored only
once so that there is no redundancy and therefore less chance of any damage. A nor-
malized store can reduce storage by not including the redundant information. It can
easily manage data changes; for example, if a categorical name of a product changes,
it will only have to change in one place. However, queries on a snowflake schema
are more difficult as there might be a need to join over several levels in a normalized
structure, and this could affect a query’s performance. Overall, the snowflake schema
is a more sophisticated model of data warehousing, which requires one to break down
the dimensions into more normalized structures. It is more time-consuming to query a
snowflake schema than a star schema, and it tends not to be as efficient overall, putting
more pressure on the joins.

For a star schema that has all the dimension tables separate, and the hierarchy of the
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schema indicated with the fact table at the
end of the arm of the star, the level above
the fact table consists of the dimension
tables used to describe the facts. It also
contains the dimension key, whose values
connect one row to the other rows. It is
fairly straightforward to design and query
a star schema, in that all the available que-
ries are performed on the fact table, with
the exception of table joins. However, be-
cause the snowflake schema is more nor-
malized, a star schema will not be as effi-
cient as a snowflake. A star schema will
be better for building a query in a simpler
and smaller warehouse. At the face of it,
people might want to go for the snowflake
schema because of its likely performance
gains, but given the fact that one will be
going to the disk more often to carry out
a join, a star schema will be simpler and
quicker for smaller warehouses. Overall,
a star schema will be better as it’s simpler
and easier to query.

Overall, the snowflake schema is a more
sophisticated model of data warehousing,
with separate dimension tables. It offers
substantial benefits; data is at a more nor-
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malized data structure, so is less redun-
dant, causing less pressure on disk space.
Finally, It offers the benefit that once the
rows are stored in the dimension table,
it offers a larger saving in the long term,
maximizing the time to spend on the query
itself.

Designing a data warehouse refers to
structuring data so that it can be quickly
queried and analyzed. Various schemas,
such as star and snowflake, divide these
data into dimensions and facts. The latter
facilitates their efficient retrieval and anal-
ysis. Therefore, robust design prevents
data chaos, simplifies ETL processes, se-
cure, and valuable data management and
access. Primarily, in the beginning, there
are a set of expectations and requirements,
for example, concerning data sources,
which affect such aspects as data mod-
eling, data quality, data scalability, data
warehousing performance, data security,
and data governance. In this way, the best
warehouse design supports effective and
reliable data analysis that helps organiza-
tions apply data strategically.
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Recap

Data Warehousing:

¢ Purpose: Centralized system for easy data access, consistency, and accuracy
for querying and analysis.

¢ Key Processes: ETL (Extract, Transform, Load) for integrating data.

¢ Design Considerations: Scalability to handle growing data volumes,
ensuring high performance and data quality.

Schemas:

¢ Star Schema: Central fact table with surrounding dimension tables, benefits
include efficient query performance.

¢ Snowflake Schema: Normalized dimension tables, benefits include
improved data integrity and reduced redundancy.

Dimensions:

¢ Time Dimension: Allows analysis across various time periods (days, weeks,
months).

¢ Geography Dimension: Provides geographical context to data.
¢ Product Dimension: Includes attributes like ProductName.

¢ Employee Dimension: Includes attributes like EmployeelD, Department,
HireDate.

Data Governance: Involves defining data ownership and quality standards to ensure
effective management of the data warehouse.

Objective Type Questions

Describe the primary purpose of designing a data warehouse.

2. Explain the role of ETL (Extract, Transform, Load) in the data warehousing
process.

3. What considerations are important in designing a data warehouse to handle
increasing amounts of data?

4. Define the central table in a star schema that holds quantitative data.

Discuss the advantage of using a snowflake schema compared to a star
schema.

Identify the dimension used to analyze data across various time periods.

What attributes might be found in a product dimension table?
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8. How does normalizing dimension tables in a snowflake schema improve
data integrity?

9. Which dimension provides geographical context in a data warehouse?
10. List a primary benefit of using a star schema in data warehousing.
11. What does data governance involve in the context of a data warehouse?

12. How does performance optimization impact query response times in a data
warehouse?

13. What is the effect of normalizing dimension tables in a snowflake schema on
data redundancy?

14. Which dimension might include attributes such as EmployeelD, Department,
and HireDate?

15. In what type of environment is the snowflake schema particularly useful for
detailed data management?

Answers to Objective Type Questions

Centralized data access, consistency, and accuracy for querying and analysis.

Integrates data from various sources by extracting, transforming, and loading
it into the data warehouse.

Scalability, performance optimization, and data quality.
Fact Table.

Improved data integrity due to normalized dimension tables.

3

4

5

6. Time Dimension.
7. ProductName, ProductID, Category.

8. Reduces data redundancy and ensures consistent data storage.
9. Geography Dimension.

10. Efficient query performance.

1. Defining data ownership and quality standards.

12. Reduces latency and improves query response times.

13. Reduces data redundancy.

14. Employee Dimension.

15. Complex environments requiring detailed data management.
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Assignments

1. Explain the role of a data warehouse in business intelligence. How does it
support decision-making processes?

2. Describe the ETL process in detail. Include each stage (Extract, Transform,
Load) and its significance in data warehousing.

3. Compare and contrast the star schema and snowflake schema in terms of
design, performance, and data integrity. Provide examples of when each
schema might be preferred.

4. Discuss how scalability affects data warehouse design. What strategies can
be employed to ensure that a data warehouse can handle increasing data
volumes and user queries?

5. Evaluate the importance of data governance in a data warehouse. How does
data governance influence data quality and usability?

Reference
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Unit 3

Extract, Transform and Load
Concepts

Learning Qutcomes

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

¢ recognize the process of extracting data from various source systems

¢ identify and list the different steps involved in transforming data to meet
business requirements

¢ describe the process of loading transformed data into a data warehouse
¢ explain the basic functions of ETL tools used in data warehousing

¢ list the three main stages of the ETL process: Extraction, Transformation,
and Loading

Prerequisites

Before diving into the concepts of Extract, Transform, and Load (ETL), let’s relate them
to something you already know about preparing a meal. Imagine the ETL process like
preparing a meal in your kitchen. Just as you gather ingredients from various sources
like a grocery store, garden, or pantry, extracting data involves collecting information
from different databases or systems. In both cases, you are bringing together raw
materials that will be processed for a specific purpose.

Think of the transformation step like cooking. Just as you chop, mix, and cook your
ingredients to create a delicious dish, transforming data involves cleaning, filtering,
and converting it into a suitable format for your needs. This step ensures that the data is
usable and meets specific requirements, much like how cooking turns raw ingredients
into a meal. Finally, consider loading the data like serving the meal. Once the dish is
ready, you serve it onto plates for easy consumption. Similarly, loading involves placing
the transformed data into a data warehouse, where it can be accessed and analyzed
efficiently. This step ensures that the data is organized and ready for use, just like how
serving makes the meal ready to eat.

By relating the ETL process to preparing a meal, we can see how each stage - Extract,
Transform, and Load - plays a crucial role in making raw data ready for analysis. Gath-
ering ingredients, cooking, and serving make raw food ready for consumption, just as
extractmg, transformmg, and loading data make it ready for use in a data warehouse.
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This analogy helps in understanding the importance and function of each step in the

ETL process.

Key words

Online Transaction Processing, Online Analytical Processing, Data Warehouse,

Normalization

Discussion

5.3.1 ETL (Extract Transform
Load)

In an organization a Data warehouse acts
as a central store of all entities, concepts,
metadata and historical information,
which is later used for the validation, anal-
ysis and prediction of useful information
and patterns. In an IT system there are two
critical components: the OLTP (Online
Transaction Processing) database and the
OLAP (Online Analytical Processing) da-
tabase. The data in OLAP is used for mak-
ing effective decisions which contribute to
successful business. Business Intelligence
works on the basis that decisions made
from OLTP databases are preferred in cas-
es where integrity and performance are of
great concern. In general OLTP provides
data to the data warehouse and OLAP
helps to analyze them. In OLTP database
the current and detailed data, whereas
in OLAP we have aggregated, historical

Entity Relational Models
OLTP Systems

-
o=
-

data, stored in multi-dimensional sche-
mas. OLTP designs are highly normalized
and have comprehensive structures. These
OLTP databases act as a source for the data
warehouse. An OLAP application focuses
on Data Warehouse and Business Intelli-
gence systems; therefore performance and
scalability are matters of concern. Get-
ting data from the OLTP database into the
warehouse must be done in an efficient
and practical way. For this the process of
ETL (Extract-Transform-Load) is used.
See Fig. 5.3.1 ETL (Extract Transform Load).

A properly designed ETL makes sure that
quality and consistency of the data is en-
forced when loaded to the data warehouse.
Also ETL summarizes the data and hence
the size gets reduced. All this eventually
ensures that the quality of analysis is im-
proved. Even though this is the key reason
for adopting ETL, there are various other
reasons that emphasize the need for ETL

Di - | Mod
OLAP Systems

Enterprise Data
Warchouses

Data Marts

Fig 5.3.1 ETL ( Extract Transform Load)
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Fig 5.3.2 Extract Transform Load Process

in an organization. Few of them are listed
below

¢ Awarehouse acts as acommon-
centralized repository

¢ The warehouse is a precise and
crisp source of the entire data

¢ Querying becomes simpler and
efficient

¢ Complex business questions
are answered

¢ Allows verification and valida-
tion

¢ Provides historical context of
the data of the organization,
which can be used for analysis

A data warchouse receives data from vari-
ous sources such as OLTP databases, rela-
tional databases, web pages, text files and
even spreadsheets. All this data from var-
1ous sources will be in different formats,
the process of ETL (Extract Transform
Load) takes data from various sources
that are raw in nature, converts them to a
standard format matching with that of the
warehouse and finally loads the data to the
data warehouse.
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ETL (Extract Transform Load) is an auto-
mated three-step process, which can sim-
ply be defined as the process of pulling
data from a source and loading it to the
data warehouse. In the initial step of ex-
traction, a selection process is performed
in order to extract the data required for
analysis. The data thus obtained is trans-
formed to a format required by the data
warehouse. Finally the transformed data
is loaded to the data warchouse. See Fig.
5.3.2 Extract Transform Load Process.

5.3.2 Extract

Extraction is the initial step in ETL which
involves extraction of relevant data from
heterogeneous data sources to a transit
area called the staging area. This is the
most challenging step and should be done
with care and caution as each source has a
different set of characteristics in terms of
database, operating system, hardware and
communication techniques. Also there can
be a wide range of data sources including
structured sources like relational databas-
es and flat files, unstructured sources and
even web sources. The ultimate aim of
extraction is the conversion of data into
a single format, for this a parsing is per-
formed to see if the data meets a specific
pattern.
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Extraction can be of two kinds: logical
and physical. Logical extraction can ei-
ther be full extraction or incremental ex-
traction. In Full extraction the entire data
in the source system is pulled out, there-
fore it is not needed to keep track of the
changes made. In incremental extraction,
instead of extracting the entire table, only
those data that have changed will be ex-
tracted. For this data is compared with
the previous extract, and data that has
changed since an event (event may be a
previous extraction or any complex busi-
ness event) is extracted. Once the method
of logical extraction is decided, depending
on the source side the physical extraction
method can be chosen. Physical extraction
can either be online or offline. Online ex-
traction allows extraction of data from the
source directly. For this a connection is set
with the source system and the source ta-
ble is accessed. An immediate system or
an external staging area is not necessary
in the case of online extraction. In the case
of offline extraction, instead of extracting
directly the data is extracted from an ex-
ternal area outside the source system. The
external area keeps a copy of the source
system. The external sources can be flat
files, dump files etc.

Extraction uses a Logical Data map which
describes the relationship between the ex-
treme starting points and the extreme end-
ing points of your ETL system. The ex-
tracted data is subjected to transformation.

5.3.3 Transform

In the Transform stage the extracted data
is subjected to a series of rules or func-
tions in the staging area, prior to loading
it to the warehouse. This stage makes
the data suitable to be loaded. Transform
stage is the most complex and costly stage
(in terms of production) in ETL. Some
sources require no or very little transfor-
mation, whereas some sources require ex-

@,

tensive transformations. Transformation
can range from simple data conversion to
extreme data scrubbing.

Transformation involves cleansing of data
by detecting the anomalies and enforcing
column properties. Also the transform
stage confirms whether the table structure
is enforced in terms of keys and referential
integrity is obeyed. Also it is confirmed
that data and rule values are enforced using
simple business rules and logical checks.
After extraction, cleaning and confirma-
tion are performed, quality checks are
run to ensure that the data loaded to the
warehouse meets the quality paradigm.
This is done in order to make sure the
data is correct, unambiguous, consistent
and complete. Advanced transformations
like derivation, filtering, joining, filtering,
splitting, data validation summarizations,
aggregation and integration are performed

Some of the commonly performed trans-
formations are

Selecting certain columns
Mapping of values

Normalization

*® & oo o

Sorting deriving new calculated
values

<

Translation of Encodings

¢ Joining data from multiple
tables

¢ Splitting of tables
¢ Transposing or pivoting
¢ Applying data validations

From an architectural point of view
there are two approaches for transfor-
mation. Multistage data transformation
and In-warehouse data transformation. In
multistage data transformation the data is
extracted to a staging area where the trans-
formations are performed prior to loading.

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics



In In-warehouse data transformation the
data is extracted and loaded into the ware-
house where it is transformed. It works
more like ELT rather than ETL.

5.3.4 Load

This is the final phase of ETL in which
the transformed data is loaded to the end
target, i.e. the data warehouse. There are
basically two types of loading techniques:
the full load and the incremental load.
In full load the entire data is dumped to
the warehouse. This is usually performed
during the time the data is loaded to the
source for the first time. In the case of in-
cremental loading, dumping of changed or
new data is performed at regular intervals.
For this the previous extract data will be
recorded and only those newly added data
will be loaded. On the basis of the volume
of the data loaded there are two variants of
incremental loading: streaming incremen-
tal load for small data volumes and batch
incremental load for large data volumes.
In full load approach since all the rows
are loaded it is time consuming but easy,
whereas in incremental load only the new
or updated rows are loaded therefore it
consumes less time and is difficult in terms
of computation. Complex systems main-
tain a history and audit trail of all changes
to the data loaded in the Data Warehouse.

5.3.5 Challenges in ETL

The process of extract, transform and load
is significantly complex and involves op-
erations. Also data formats or ranges may
change over time which may result in
complications during the time of valida-
tion and there arises a need for defining
new transformation rules.

The data velocity and volume increases
over period time, so the system must be
made scalable and also the cost of adding
and fixing data connections increases.

The warehouse must be designed keeping
in mind the fact that it is assembled from
various heterogeneous sources and hence
is the key to accommodate all data in a
standard manner.

There are chances that data might be lost
during ETL, or even incorrect or incom-
plete data may be loaded

5.3.6 Performance

ETL tools are supposed to work on an
average speed of 1 TB per hour and this
is made possible using powerful servers
with multiple CPUs, multiple hard drives,
multiple gigabit-network connections, and
lots of memory. ETL performance tuning
1s used to ensure whether it can handle an
expected load of multiple users and trans-
actions. To improve the performance of
ETL some of the techniques used are

¢ Partition tables (and indices).

¢ Perform all the validation prior
to loading

¢ Try not to use triggers in the
target tables during load

¢ Drop indexes before load

Sample Python Program for ETL

Consider the given 2 tables table 5.3.1 and
table 5.3.2 storing the details of students
of 2 classes held by their respective class
teachers which are stored in csv format
and excel sheet:

The first set of data is stored in a table in
database 5 column including the Admis-
sion number, name, gender height (in cm
) and weight(in kg) The second set of data
is stored in csv format and contains Ad-
mission number, name, gender height (in
feet), weight(in kg) and blood group;

Now both the source data must be extract-
ed and loaded into a data warchouse.
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Table 5.3.1 Students dataset 1
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Table 5.3.2 Students dataset 2

Adm No|Name Gender |Height |Weight |Blood Group
9712|Anju 1 5.7 38|A +ve
9287|Deric 2 5.6 56|B -ve
9923|Ivy 1 5.9 76]0 +ve
9978 Jithu 2 5.2 59| A+ve
9810|Kathy 1 6 63|AB +ve
9923|Sam 2 5.5 66| A -ve

The first table uses F and M values for
male and female, and also in the first
source the height is given in cm and in the
second source the height is given in feet.
So after extracting the required data, the
data should be transformed as required
prior to loading into the warehouse.

The given below program extracts the
data from the database, here there is no
need for transformation as the data match-
es the format and specifications of the
warehouse hence it is directly loaded to
the warehouse

A data warehouse is a central place where
the integrated, cleaned and historical data
is stored for validation, analysis and pre-
diction. It incorporates information from
the OLTP systems (Online Transaction
Processing) which handle the current
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transactional data of the data warehouse
and the OLAP systems which handle the
historical, aggregated data of the ware-
house for the purposes of analysis, de-
cision-making and prediction. The ETL
process is central to the requirements of
transferring data to the warehouse be-
cause during the operation it maintains the
quality and consistency of the data or im-
proves it. Important characteristics of ETL
are the extraction of the relevant data, the
transformation of the data into a standard-
ized structure and the loading of the struc-
tured data into the warehouse. The main
challenges of ETL are concerns with the
nature of data from various sources, main-
taining data quality, and the management
of the scalability and performance of the
event data table



Recap

Central store for integrated, cleaned, historical data.
OLTP: current transactional data.

OLAP: historical, aggregated data for analysis.
ETL: ensures data quality, consistency.

Extraction: retrieve relevant data.

Transformation: standardize data.

Loading: move data to the warehouse.

Challenges: data quality, diverse sources, scalability, performance.

Objective Type Questions

10.

I1.
12.
13.

14.

15.

What does ETL stand for in data warehousing?
What type of data does an OLAP database typically store?

Which database design is highly normalized and acts as a source for the data
warehouse?

What is the primary purpose of the ETL process in data warehousing?
What is the staging area used for in the ETL process?

Which type of extraction involves pulling out the entire data from the source
system without tracking changes?

What is the main goal of the transformation step in the ETL process?

Which transformation operation involves converting data into a single
format to remove redundancy?

What is an example of a common transformation performed during the ETL
process?

What is one of the challenges of the ETL process related to data volume and
velocity?

What are the three main stages of the ETL process?
Describe the role of an OLTP database in relation to a data warehouse.

Explain the difference between full extraction and incremental extraction in
the ETL process.

List some common transformations that are performed during the ETL
process.

What are the benefits of using an ETL process for loading data into a data
warehouse?
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Answers to Objective Type Questions

1. Extract, Transform, Load

2. Aggregated and historical data

3. OLTP

4. To ensure data quality and consistency when loading data to the data
warehouse

5. Transit area for extracted data before transformation

6. Full Extraction

7. To convert extracted data into a format required by the data warehouse

8. Normalization

9. Mapping values

10. Handling large volumes and high velocity of data

11. Extraction, Transformation, Loading

12. Acts as a source of detailed and current data for the data warehouse

13. Full extraction pulls all data; incremental extraction pulls only changed data

14. Data validation, normalization, aggregation, mapping values, and pivoting

15. Ensures data quality and consistency, integrates data from multiple sources,
supports data analysis and reporting

Assignments

1. Define the ETL process and its stages.

2. Explain the role of a staging area in the ETL process.

3. Describe the difference between full extraction and incremental extraction.

4. List common data transformations performed during the ETL process.

5. What are the benefits of using an ETL process for loading data into a data
warehouse?
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Unit 4

Administration and Management of

Data Warehousing

Learning Outcomes

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

¢

¢

¢

¢

define the basic concepts of data warehousing and its importance in business.
identify the key components of a data warehouse architecture.
list the steps involved in the data warehousing process.

recall the common challenges and solutions in data warehouse management.

Prerequisites

Consider a well-organized library, where books from various genres are systematically
categorized and easily accessible. Similarly, a data warehouse serves as a centralized
repository where data from multiple sources is stored, organized, and managed.

In this unit you will explore the foundational principles and practices involved in
effectively managing a data warehouse. This includes understanding the architecture,
processes, and common challenges associated with data warehousing. By the end of this
course, you will be equipped with the essential knowledge to administer and manage
data warehouses, ensuring data integrity, accessibility, and efficiency.

Key words

Architecture, Data Integration, ETL (Extract, Transform, Load), Data Quality,
Business Intelligence




Discussion

5.4.1 Administration and
Management of Data
Ware-housing

Administering and managing a data ware-
house is a complex of various activities
whose purpose is to ensure that the system
operates efficiently, securely, and serves its
role. These activities incorporate diverse
tasks. As an illustration, one can provide
performance monitoring, which is needed
to ensure the smooth running of the sys-
tem, and the ability to afford to perform
loads of tasks which are assigned to this
system in the business sphere. One more
task is ensuring that all data managed in the
data warehouse is of the required quality.
To avoid issues with data that could arise
because of its low quality, validation and
cleansing procedures should be conduct-
ed on a regular basis. Also, it is import-
ant to manage security and to protect the
data warehouse from unauthorized access.
Both measures to be taken to ensure this
differentiated access management, which
means the provision of access to different
resources to different categories of us-
ers, and data encryption. In such a way,
by addressing these and other, mentioned
above aspects related to the management
and administration of data warehouses, it
is possible to ensure the data warehouse
environment, where efficient recollection
of data, analysis, and decision-making is
possible. Let us now look at these aspects
in more detail, as well as at the role they
play in managing and administrating the
data in data warehouses with examples
from the real business practice. List of the
important aspects includes are given be-
low

5.4.2 System Monitoring and
Performance Tuning

There are a couple of things you can do to
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ensure that the data warehouse performs
well. First, you need to regularly monitor
it. This means checking how the system is
doing and how many resources it is using
— and stopping anything bad that you find
from actually affecting your users. There
are monitoring tools that can help you set
alerts to slow query feel or high server
load or other irregular activity is noticed.
For instance, imagine there is a retailer
and they use a data warehouse to get their
sales data together. The IT team notice
that reports they generate are becoming
increasingly slower and set queries to bet-
ter understand the reason. They find out
that it is because one of the disks used to
store the information is almost full so they
need to start the process of archiving no
longer timely information from the ware-
house. Second, you can take steps to opti-
mize performance of the data warehouse.
This means making changes to the system
to make it run faster. For example, you
might add indexes for things you query
to speed up ETL. For example, there is a
logistics company and they notice that the
data warehouse is slow when it takes to
tell them how many goods are in storage
in a warehouse on any day. They can add
indexes to the date column in the shipment
table and put the shipments into tables by
region or area — thus making queries about
what was shipped and when in the region
faster.

5.4.3 Data Quality Management

In previous sections, we have already
determined the importance of data qual-
ity. Looking after your data often means
validating it for accuracy and relevance,
for example, by verifying anomalies and
filling missing values, as well as checking
for compliance with the established stan-
dards. For instance, transaction data must
be validated with a certain periodicity to
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meet all the demands of a financial insti-
tution and have all the account numbers
relevant and the format of dates checked.
The discrepancies must be eliminated to
ensure the proper functioning of the data
warehouse.

5.4.4 Security Management

We will be discussing the security aspects
of the data in the next unit. Implementing
a robust access control system will make
sure that only authorized users can access
sensitive data. This includes creating user
roles and permissions for specific data ac-
cess for each kind of user.

5.4.5 Backup and Recovery

Regular backups are one of the key ele-
ments of data warehouse administration
due to their impact on data accessibility
and security that prevents data loss. Data
may be lost owing to such aspects as hard-
ware failures, data corruption, software
bugs, human errors, accidental deletions,
or malicious attacks, among others. In this
way, regular backups function as a back-
bone of the system, making it impossible
to lose data permanently. For instance,
the retail company that uses their data
warehouse for decision-making based on
millions of transactions, will lose a lot if
the hardware failure occurs and the data
is lost. Regular backups allow restoring
the data that was lost due to a failure of
some kind shortly and with the minimal
financial and logistical damage. Backups
also ensure the quick restoration of the
operability of an overall system. Both
hardware failures and power outages
within an on-premise storage system and
software bugs or cyber-attack for cloud-
based data capability may make a data
warehouse system inoperable. However,
backups ensure the quick data restoration
necessary for the company to proceed to
work with no downtime. Moreover, back-
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ups are instrumental in minimizing the
risks of data corruption, thus protecting
the accuracy of the data used for analy-
sis and decision-making. Another techni-
cal task associated with data warehouse
management is scheduling and extracting,
transforming, and loading data into a data
warehouse in a timely manner. Most com-
panies run ETL processes at night to have
the production data uploaded into the sys-
tem by morning.

5.4.6 Scalability

Scalability and capacity planning are the
two most important aspects of sustaining
a growing data warehouse. As we can
understand by the term, scalability is the
ability to accommodate an increasing load
with minimal impact on performance. In
the context of data warehousing, scalabil-
ity implies that the data warehouse must
be able to accommodate an increasing
amount of data and be able to respond to
more complex queries. Some strategies
include spreading the load over multiple
systems — this process is named horizon-
tal scaling. The other aspect is the vertical
scaling, when you add more power to the
existing hardware. Multiple techniques
used to increase the speed of server re-
sponses include partitioning large tables,
adding indexes to the queryable columns
and using cloud timesharing. This way,
you can ensure the system responds to the
queries quickly enough and the user ex-
perience is always smooth, no matter the
increase of data demands. For example,
when a new e-commerce business is small,
the managers can increase the amount of
RAM and storage in their existing servers;
still, it will be better in the long run if the
company turns to cloud-based solutions.

5.4.7 Capacity Planning

Capacity planning is the process of pro-
jecting the amount of data in future. Not



only basic data storage projection is im-
plied but the planning of data processing
needs is crucial as well. It is central to ca-
pacity planning that the stored data is re-
corded securely and can be retrieved when
need be. On the other hand, too many re-
sources utilized in comparison to the load
scale of data means over-provisioning that
leads to unnecessary expenditure. On the
other hand, under-provisioning can cause
severe performance issues. Steps in ca-
pacity planning include understanding the
current needs, predicting the load of future
data, reevaluating the sphere of use, and
considering the necessary upgrades and
expansions. However, it is necessary to
reevaluate the plan regularly. For instance,
when analyzing the current volume of data
and the needs of its customers, a rapidly
growing e-commerce business can predict
the load of future data and create a plan of
what actions have to be taken to increase
the need of data in the future.

5.4.8 User Support and
Training

In the context of data warehouse admin-
istration, user support and training play
a critical role. User support provided
through such means as a help desk and
problem-solving services allow for ensur-
ing that employees have all the facilities
required to use the data warehouse with
maximum efficiency. For instance, a giv-
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en data support team may help analysts in
running a particular query crucial for their
work, thus preventing employee down-
time and ensuring that users access all the
required data. The effectiveness of user
training services in a similar context is
also significant. In this case, training ser-
vices guarantee that all user groups have
the required knowledge to exploit the data
warehouse. Moreover, training services
provide users from basic to advanced que-
ry and report creation techniques. Overall,
spending resources on user support and
training will prevent unauthorized user
activity and streamline warehouse use by
those that work by providing them with all
the tools they need to work most effective-

ly.

Proper management and administration
of a data warehouse system are important
for its reliability, efficiency, and security.
Monitored system, consistent data inputs,
and following the best security practices
will help to maintain the system’s perfor-
mance. Different management methods
need to be applied to monitoring, main-
taining data quality, ensuring security,
creating backups, performing recovery,
managing ETL processes, applying gover-
nance practices, ensuring scalability, and
providing users with the needed support.
In the end, properly managed data ware-
houses are critical to achieving strategic
goals with data.
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Recap

System Monitoring and Performance Tuning:

¢ Regular monitoring is essential to identify and address performance issues
in the data warehouse.

¢ Optimizing system performance can be achieved through actions such as
indexing and reorganizing data.

Data Quality Management:

¢ Ensuring data accuracy and relevance involves regular validation and
cleansing processes.

¢ Regular checks are necessary to maintain compliance with standards and
eliminate any discrepancies in the data.

Security Management:

¢ Implementing robust access control systems is crucial to protect sensitive
data within the data warehouse.

¢ Differentiated access management and data encryption are key measures to
secure the data from unauthorized access.

Backup and Recovery:

¢ Regular backups are vital to prevent data loss due to hardware failures,
software bugs, or cyber-attacks.

¢ Ensuring quick restoration of data minimizes downtime and maintains the
integrity of the data warehouse.

Scalability and Capacity Planning:

¢ Ensuring the data warehouse can handle increasing data loads with minimal
performance impact is critical for scalability.

¢ Planning for future data storage and processing needs helps avoid issues
related to over- or under-provisioning.

User Support and Training:

¢ Providing help desk and problem-solving services ensures users can
efficiently utilize the data warehouse.

¢ Offering comprehensive training helps users effectively exploit the data
warehouse’s capabilities.

Overall Management and Administration:

¢ Applying various management methods ensures the data warehouse remains
reliable, efficient, and secure.
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¢ Properly managed data warehouses are essential for achieving strategic
business goals through effective data utilization.

Objective Type Questions

Define the term “data warehouse.”

What are the primary components of a data warehouse architecture?
Explain the ETL process in the context of data warehousing.

List three common challenges faced in data warehouse management.

What is the importance of data quality management in a data warehouse?
Describetherole of performance monitoring in data warehouse administration.
Explain the concept of data encryption in data warehouse security.

What is the purpose of access control systems in a data warehouse?

2 g N e o Y=

Why are regular backups crucial for data warehouses?
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=

. What does scalability mean in the context of data warehousing?

[a—y
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. How can indexing improve the performance of a data warchouse?
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. What is capacity planning, and why is it important for data warehouses?

[a—
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. Describe the role of user support and training in data warehouse management.

[a—
AN

. What is the significance of metadata management in a data warehouse?

—_—
9]

. Explain the concept of data governance and its relevance to data warehousing.

Answers to Objective Type Questions

1. Adata warehouse is a centralized repository for integrated data from multiple
sources, used for analysis and reporting.

2. Keycomponents include data sources, ETL processes, data storage, metadata,
and front-end tools.

3. ETL stands for Extract, Transform, Load; it involves moving data from
sources to the warehouse in a usable format.

4. Challenges include data quality issues, performance optimization, and
scalability.

Data quality management ensures the data is accurate, complete, and reliable.

6. Performance monitoring identifies and resolves issues affecting system
efficiency.

7. Data encryption protects sensitive data from unauthorized access.

Access control systems restrict data access to authorized users only.
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9. Regular backups prevent data loss and enable recovery in case of failures.

10. Scalability allows the system to handle increasing data volumes and complex
queries.

11. Indexing speeds up data retrieval processes.

12. Capacity planning forecasts and manages future data storage and processing
needs.

13. User support and training help users efficiently utilize the data warehouse.

14. Metadata management involves organizing data about the data to aid
understanding and management.

15. Data governance ensures data is properly managed, available, and secure.

Assignments

1. What is the purpose of a data warechouse?

2. Name two key components of data warehouse architecture.

3. What does ETL stand for in the context of data warehousing?

4. Why are regular backups important for a data warehouse?

5. What is the role of indexing in a data warehouse?
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Unit 1
Data Ethics

Learning Qutcomes

After the successful completion of the course, the learner will be able to:

¢ define data ethics and its importance in the digital world
¢ list key ethical principles in data science
¢ identify types of Data Security Threats

¢ cxplain Data Security and Privacy

Prerequisites

Data ethics is essential for guiding organizations in the unbiased collection, protection,
and use of data. Key ethical practices, such as transparency, consent, and data mini-
mization, foster trust and promote fair data usage. Real-world examples, such as the
Facebook-Cambridge Analytica scandal and the gender bias issue with Apple’s credit
card, highlight the serious consequences of unethical data practices.

Protecting personal and organizational information hinges on robust data security and
privacy measures. Common threats like phishing, malware, and insider threats can be
countered with encryption, access control, and multi-factor authentication. Notable
breaches, such as the Equifax incident, emphasize the critical need for strong security
protocols.

Future trends in data security and privacy will be shaped by evolving legislative require-
ments and advancements in Al-based security technologies. Striking a balance between
innovation and privacy is crucial for creating a fair and equitable digital society. This
overview underscores the importance of ethical data practices and strong security mea-
sures to safeguard personal information and ensure fairness in Al systems.

Key words

Statistical Eugenics, Bias in Al, Unfairness in Al, Ethical A, Responsible Data
Science, Training Data Bias
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Discussion

6.1.1 Data Governance

Let us start with statistical eugenics,
which refers to the application of statistics
to promote eugenic theories and policies.
Although this movement played a signifi-
cant role in the development of early ge-
netic and biostatistical research, now the
research is considered as a dark chapter in
the history of science, as this branch itself
is considered as non-ethical. Now data sci-
ence and Al face a similar situation with
statistical eugenics which is the human
bias. Many ethical problems we are fac-
ing with Al models are similar prejudices,
often unexplored. These biases are mostly
not expressed as the property of the mod-
el developed, but usually reflected as the
trends in data used to train a model. From
a dataset, if we conclude that 90% crimes
are committed by right handed people,
can we accept the model? A resume-rating
model was created using available train-
ing data where the number of men is more

|

than women, and the model created over-
estimates the rank of man. When we are
using a data science approach to address
a problem, it should be responsible and
ethical, which can address either bias or
unfairness of the model or both.

Bias in Al models will lead to unfair and
discriminatory outcomes. In order to omit
bias from the model, it requires a com-
prehensive approach starting from care-
ful data collection, algorithmic design,
and continuous monitoring. By carefully
avoiding bias, Al systems can be tuned to
be more fair, ethical, and effective. Un-
fairness is another important aspect we
have to address in AI models. Unfairness
in an Al model refers to results generated
by the model is discriminatory or biased
outcomes for different groups of people.
These results may be caused by a variety
of reasons, such as various factors con-
sidered in the data, the algorithm used to
create the model, or the deployment. Un-
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fairness in Al leads to ethical, social, and
legal implications. It is more important
when the models are used in areas such
as criminal justice, development of poli-
cies, healthcare and finance. If the model
is unfair may lead to decisions which are
uncontrolled or unpredictable.

Most of the circumstances, we may find
it difficult to discriminate between bias
and unfairness. Usually unfair predictions
are created by algorithms which are bi-
ased. If the model created by a model is
biased towards an underprivileged group,
then many sound that the algorithm is fair.
These examples shows that bias and un-
fairness are subjective many times.

6.1.2 What is Data Ethics?

Data ethics provide a framework to orga-
nizations in collecting the data, protect the
information and use the data for the or-
ganization without bias. In essence, data
ethics refers to the moral obligations that
should be followed during data collection,
management, and dissemination of infor-
mation about individuals. When the data
becomes more valuable and universal in
the digital age, the ethical considerations
are more crucial. Organizations must
navigate a complex landscape where the
potential for misuse of data is high, and
the consequences of such misuse can be
significant. Ethical data practices ensure
that individuals’ privacy is respected, their
information is secure, and their rights are
upheld. This involves being transparent
about data collection methods, using data
responsibly, and protecting it from unau-
thorized access. '

In essence, in data ethics we talk about
the right usage of data for the right pur-
poses. We may have to face questions
such as “Whether we are collecting data
for a legitimate purpose?” “Keeping the
transparency in data usage especially with
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those who provided data, Enough security
measures are taken to protect their data?
By following ethical principles, organiza-
tions can enhance the trust with custom-
ers and make a fair digital society. In this
digital era, data plays a crucial role and it
may influence personal decisions to global
policies, therefore the importance of data
ethics cannot be neglected. Keeping the
standards of data ethics high, and ensuring
that the power of data is used for good,
it will create an environment where data
serves to benefit the entire society.

Let us look into the real-world examples
highlighting the importance of data eth-
ics. Let us first look at the data breach
that happened in 2018 in British Airways.
Hackers infiltrated the British Airways
website, injecting malicious code that
redirects users to a fraudulent site. Cus-
tomers unknowingly submitted sensitive
information, including login details, pay-
ment card information, addresses, and
travel booking information to fraudsters.
This incident underscores the importance
of robust security measures and ethical re-
sponsibility in protecting customer data.
Another important incident happened in
2019 regarding Apple Credit Card Gen-
der Bias. Following the launch of Apple’s
credit card, many allegations came regard-
ing gender bias because of the algorithm
applied. Many males reported receiving
significantly higher credit limits than their
wives, despite sharing assets. The absence
of factors other than gender discrimina-
tion to explain the disparity shows the
ethical need for fairness and transparency
in algorithmic decision-making. There are
many cases in India regarding the misuse
of PAN and Aadhar card data for fraud-
ulent activities such as taking bank loan,
sim cards, GST registration etc.

In spite of somebody’s knowledge in tech-
nology, data ethics is crucial. As our deci-
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sions and transactions depend on personal
information, means that the world is in-
creasingly reliant on information derived
from data, ethical considerations in data
handling become highly important. Data
has the potential to drive groundbreaking
business innovations and improve count-
less lives. At the same time, it is suscep-
tible to misuse which has severe conse-
quences. We have to understand the data
ethics because of several reasons and most
important are listed below.

Protection of Personal Information enables
individuals and organizations to safeguard
their data against misuse and the privacy
protection will enable trust building. Cur-
rent implementation of ethics in data will
enable upcoming generations to consider
how our current data practices will shape
society in the future, ensuring we leave a
positive legacy. Compliance with regula-
tions adhering to laws and regulations like
GDPR, HIPAA etc will enable ethics in
the use of data. Data ethics underscores
the importance of regulation in technolo-
gy to help to protect individuals from un-
foreseen consequences of their actions.

In conclusion, ethics in data handling is
crucial in the digital age, as it is account-
able for the responsibilities such as collec-
tion, use, and protection of data. As data
continues to become an indispensable part
of our daily life, the ethical considerations
regarding data are more crucial than ever.
Real-world examples, such as the British
Airways data breach, Apple’s credit card
gender bias, and the Facebook data leak,
highlight the severe implications of un-
ethical data practices. Understanding and
implementing data ethics helps ensure that
personal information is used fairly and se-
curely, protecting individuals from misuse
and fostering trust in technological ad-
vancements. It also encourages us to think
about the long-term societal impact of our
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data practices, promoting a future where
technology benefits all members of soci-
ety. Ultimately, data ethics is about more
than just compliance with regulations; it is
about maintaining the integrity and digni-
ty of individuals in a rapidly evolving dig-
ital world. As we continue to innovate and
develop new technologies, keeping ethical
principles at the forefront will be essential
in creating a just and equitable society for
future generations.

6.1.3 Ethical Principles in Data
Science

6.1.3.1 Respect for Privacy and
Confidentiality

Ensuring respect for privacy and confi-
dentiality involves safeguarding individ-
uals’ personal information throughout the
data lifecycle. This principle dictates that
data scientists must handle personal data
with utmost care, protecting it from unau-
thorized access or disclosure. Adhering to
privacy norms means collecting data only
with clear consent, securely storing it, and
using it in ways that do not compromise
the privacy of individuals. Effective ano-
nymization and encryption techniques are
also crucial in preserving confidentiality
and preventing potential misuse of sensi-
tive information.

6.1.3.2 Fairness and Bias

Mitigation

Fairness in data science requires that al-
gorithms and data-driven decisions do not
disproportionately affect any individual or
group. This involves identifying and ad-
dressing biases that may arise from histor-
ical data or the design of algorithms. Bias
mitigation strategies include ensuring di-
verse and representative datasets, employ-
ing techniques to detect and correct biases,
and continuously evaluating and refining

models to maintain fairness. The goal is
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to create equitable systems that avoid per-
petuating existing inequalities and provide
just outcomes for all individuals.

6.1.3.3 Transparency and
Accountability

Transparency and accountability involve
making data processes and decisions
open and understandable to stakeholders.
Transparency means clearly document-
ing and explaining how data is collected,
processed, and used, allowing others to
review and comprehend the methods and
rationale behind data-driven decisions.
Accountability requires that data scientists
and organizations are answerable for their
actions, including the ethical implications
of their data practices. This principle pro-
motes trust by ensuring that data practices
are consistent with ethical standards and
that any issues or errors are promptly ad-
dressed and corrected.

6.1.4 Legal and Regulatory
Frameworks

6.1.4.1 General Data Protection
Regulation (GDPR)

The General Data Protection Regulation
(GDPR) is a comprehensive data pro-
tection law in the European Union that
sets strict guidelines for collecting and
processing personal information. It aims
to protect the privacy of individuals by
ensuring that organizations handle data
transparently and securely. Under GDPR,
individuals have rights such as accessing
their data, requesting corrections, and de-
manding its deletion. Organizations must
obtain explicit consent before processing
personal data, implement robust security
measures, and provide clear information
about how data is used. GDPR also im-
poses significant penalties for non-com-
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pliance, emphasizing the importance of
respecting privacy.

6.1.4.2 California Consumer
Privacy Act (CCPA)

The California Consumer Privacy Act
(CCPA) is a state law in California that
gives residents greater control over their
personal data. It allows consumers to
know what information is being collected
about them, request access to their data,
and ask for it to be deleted. Additional-
ly, CCPA gives individuals the right to
opt out of having their data sold to third
parties. The law requires businesses to be
transparent about their data practices and
to take steps to protect consumer informa-
tion. By granting these rights, CCPA aims
to enhance consumer privacy and provide
more control over personal data.

6.1.4.3 Other Global Data
Protection Laws

Various countries around the world have
their own data protection laws that regu-
late how personal information is collect-
ed, used, and safeguarded. For example,
Canada’s Personal Information Protection
and Electronic Documents Act (PIPEDA)
establishes rules for handling personal
data in commercial transactions. Similar-
ly, Brazil’s General Data Protection Law
(LGPD) outlines data protection require-
ments for organizations operating in Bra-
zil. These global regulations share com-
mon goals of protecting personal privacy
and ensuring data security, but they may
differ in specifics such as consent require-
ments, enforcement mechanisms, and
penalties. Understanding these diverse
frameworks is essential for organizations
operating internationally to ensure com-
pliance and protect individual rights.



Recap

Data Ethics:

¢ Data ethics involves the moral responsibilities associated with collecting,
managing, and using data, focusing on privacy, security, and transparency.

Ethical Principles in Data Science:
¢ Respect for Privacy and Confidentiality
¢ Fairness and Bias Mitigation

¢ Transparency and Accountability:

Respect for Privacy and Confidentiality: This principle involves protecting personal
data through proper consent, secure storage, and anonymization techniques.

Fairness and Bias Mitigation: Ensuring that data-driven decisions do not unfairly impact
any group requires addressing biases and using diverse datasets.

Transparency and Accountability: Data processes and decisions should be documented
and communicated clearly to stakeholders, ensuring that data scientists and organizations
are answerable for their practices.

Legal and Regulatory Frameworks:
¢ General Data Protection Regulation (GDPR)
¢ California Consumer Privacy Act (CCPA)

¢ Other Global Data Protection Laws

Objective Type Questions

What does GDPR stand for?

Which law provides California residents with control over their personal
data?

Which principle involves protecting personal data from unauthorized access?
Which data protection law applies specifically to Brazil?

What is the main goal of data ethics?

Which principle focuses on addressing algorithmic biases?

What can result from failing to comply with GDPR regulations?

CORNS I QNN CARE SR 2

Which encryption method helps in preserving confidentiality in data
handling?

9. Which organization’s data breach in 2018 highlighted the importance of data
security?

10. Which European regulation enforces strict data protection laws?
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Answers to Objective Type Questions

1. General Data Protection Regulation
2. California Consumer Privacy Act (CCPA)
3. Confidentiality
4. LGPD
5. Privacy
6. Fairness and Bias Mitigation
7. Significant penalties for organizations.
8. Anonymization
9. British Airways
10. GDPR
Assignments

1. Discuss the implications of statistical eugenics in early genetic research. How
does this historical example relate to modern issues of bias in Al models?

2. Explain the concept of bias in Al models. How can bias be detected and
mitigated during the data collection and algorithmic design phases?

3. Describe the ethical and legal considerations involved in data management.
How do regulations like GDPR and CCPA influence data protection practices?

4. Analyze the ethical challenges associated with fairness in AI. How can data
scientists ensure that their models do not produce discriminatory outcomes?

5. Discuss the role of ethical principles in shaping data science practices. How
can respect for privacy, fairness, and transparency impact the development
and deployment of data-driven technologies?

Reference
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Unit 2

Data Security and Privacy

Learning OQutcomes

After the successful completion of the course, the learner will be able to:
¢ define data security and data privacy.

¢ list different types of data security threats.

<

identify key data privacy principles.

<

explain major case studies related to data privacy breaches

Prerequisites

In today’s digital world, you are already familiar with using the internet for everyday
activities such as online shopping, social media, banking, and accessing news. Each
time you go online, you share pieces of personal information like your name, email
address, or payment details. You may have also come across news about data breaches,
phishing emails, or identity theft, where people’s private information was stolen or mis-
used. These real-world issues highlight the importance of understanding how to protect
our data and maintain privacy. This topic, “Data Security and Privacy,” builds on your
existing knowledge of the digital world and introduces key ideas and tools used to
keep personal and professional information safe. You will learn about common threats
like phishing, malware, and insider attacks, and how strategies such as encryption,
access control, and multi-factor authentication help prevent them. You will also explore
real-life case studies, including the Equifax data breach and the Facebook-Cambridge
Analytica scandal, which show the serious consequences of poor data protection. In
addition, you will gain insight into current laws like GDPR and HIPAA, and discover
how modern technologies such as Al and blockchain are being used to improve security
and preserve privacy. Most importantly, this unit emphasizes the importance of using
data ethically and responsibly, especially in the age of Artificial Intelligence.

Key words

Statistical Eugenics, Bias in Al, Unfairness in Al, Ethical Al, Responsible Data
Science, Training Data Bias
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Discussion

6.2.1 Data Security and
Privacy

Data security and privacy are essential to
people in the digital world. Their critical
nature arises from the fact that people in
the modern era use the Internet for person-
al, professional, and financial activities.
Data security and privacy allow the con-
cerned parties to protect and keep their in-
formation private. The comprehension of
this element incorporates recognizing the
risk, how to mitigate the identified threats
and, finally, being aware of the impact on
various aspects of an individual and or-
ganization. Data security entails the pro-
tection of digital information to prevent
unauthorized access, data corruption, and
theft. Data privacies, on the other hand,
entail the appropriate use and control of
the data. It includes, consent, or notice and
regulatory obligations as part of it.

Data security and privacy are indispens-
able for several reasons. For example,
such data protection safeguards people’s
personal information. People require
safeguarding their personal information,
including social security numbers, bank
details and hospitals’ electronic health
records, from identity theft or fraud. The
business cannot thrive or run effectively
without the trust that its customers and
stakeholders have in their data security
systems. Therefore, data security is cru-
cial in ensuring such protection. Failure to
guarantee data security might lead to the
theft of trade secrets or intellectual prop-
erty. This situation might lead to lawsuits
or fines that have the potential to take a
business under or permanently damage
its reputation. Thirdly, there is the ques-
tion of legal compliance. GDPR, CCPA,
and HIPPA are some of the laws that reg-
ulate data security, privacy, and use. The
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various laws impose several compliance
requirements whose breach leads to fines
and legal consequences for business.

A notable example of the risks involved in
data security is the Equifax data breach. In
2017, Equifax, one of the three prominent
credit bureaus, suffered a security breach
that exposed the personal information of
over 147 million people. The exposed in-
formation included social security num-
bers, birth dates, and address details. Such
a massive data breach can result in severe
identity theft. Losing personal information
to data theft and fraud can result in signif-
icant losses on an individual’s side. For
Equifax, the breach had massive legal and
financial repercussions. It led to a settle-
ment with the Federal Trade Commission
and several state governments. Finally, the
company settled for a remediation amount
of over $700 million. Therefore, data se-
curity is critical as the risks of potential
losses are severe.

6.2.2 Types of Data Security
Threats

Data security may be compromised by dif-
ferent types of threats. Phishing is one of
the most common threats when there are
attempts to obtain sensitive information
fraudulently. For instance, the company’s
employee may receive an email sent from
the IT department and be asked to send
their passwords since there is a need to up-
date and check all accounts. Another com-
mon type is malware, which is > harmful
software designed to damage, disrupt, or
gain unauthorized access to a computer
system”. One of the examples of malware
is ransomware. In this case, the malware
is used to encrypt files and require mon-
ey for the decryption key. It causes dam-
ages and a lot of struggles to the attacked
organization or person. Additionally, an
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emergent threat is so-called insider threats
when the risks are rooted in the fact that
the company’s employees or its partners
can access the sensitive data. A possible
example is the employee’s intention to
share the secrets and some critical infor-
mation with the company’s competitors.
Among the emergent threats, one should
mention Al-powered attacks and IoT vul-
nerabilities or weaknesses.

To prevent these threats, organizations
should develop efficient data security
strategies. One of the fundamental ways to
prevent information leakage is encryption,
which is the practice of converting data into
codes to prevent outsiders from accessing
it. For example, the encryption of emails
with sensitive information will make them
readable for the specified recipients only.
Another strategy is controlling data access
- data should be available to users based
on their specific tasks and roles. Addition-
ally, it is useful to implement multi-factor
authentication systems for sensitive soft-
ware. Moreover, regular updates are high-
ly important for keeping the software and
systems up to date and closing any known
vulnerabilities. It would also be useful to
develop an incident response plan that de-
scribes how the organization will react to
a security threat. For example, a company
will need an incident response team that
will determine when a breach is taking
place and take immediate action to con-
tain the damage.

6.2.3 Data Privacy Principles

Data privacy is defined by several fun-
damental notions. First and foremost,
transparency is crucial. This implies that
entities must clearly inform people about
all the ways data about them is gathered,
used, and shared. Consent is another fun-
damental aspect, which also implies ex-
plicitly given permission to do so. The
principle of data minimization is based
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on collection practices associated with not
collecting unnecessary data. In the case
of data inaccuracies, reliability is under-
mined; therefore, the principle of accuracy
establishes that the data should be accu-
rate in order to have distinguishable cred-
ibility. These policies are demonstrated by
the General Data Protection Regulation, a
protective framework that influences leg-
islation and policies related to data priva-
cy on a global scale.

6.2.4 Case Studies in Data
Privacy

There are several case studies where it is
evident that data privacy is essential. One
is the Facebook-Cambridge Analytica
scandal. This was a scandal in 2018 where
it was reported that data from at least 87
million Facebook users had been harvest-
ed by a British political consulting firm.
Although the data had purportedly to have
been mined for academic work, it was
wrongfully used in political campaigns to
formulate strategies and build personali-
ty profiles for unprecedented voters. The
case was significant as it raised some seri-
ous concerns about user data privacy. Up
to this date, the effects of the Facebook
scandal have been severe, and the data
sector is working exceptionally to ensure
that data protection becomes a priority in
every user data repository space. Another
example is the Apple privacy stance. Ap-
ple has always claimed that consumer pri-
vacy is one of its highest concerns, a mar-
keting rig that has been beneficial to most
of its users. Data gives businesses and
developers the power to create heightened
digital experiences that are more commu-
nity-centric, personalized, and valuable to
users. Apple offers several tools to help
users protect their privacy, such as en-
cryption and collecting minimal personal
information from users. Ensuring that all
this is secure and prioritizing privacy from
scandalous retrievers is vital.
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6.2.5 Future of Data Security
and Privacy

The descriptive means above can be ad-
opted, but they are not effective enough
for the present and future environments.
In the future, certain trends will promote
data privacy and security. They include
the expected rapid changes in the legisla-
tive and regulatory requirements on data
security and privacy. The environmental
data business environment today is con-
stantly changing as a result of data. As
such, meticulous organizations must keep
their eyes open and up to speed to main-
tain this data security against the law. New
technological advances will be adopted to
increase data security additionally. For ex-
ample, Al-based security solutions will be
used for effective data management and
threat intelligence. Blockchains can also
allow people to transact securely with
each other without compromising person-
al data. Maintaining a balance between
innovation and privacy preservation will
continue to be a challenge in future pri-
vacy deployments. This challenge will be
achieved through privacy-preserving data
analysis. Individual privacy is not private
in modern data analysis because of the
privacy-preserving analysis techniques
that are adopted. These include certain
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provisions because Al and ML models
sufficiently hide the asynchronous details
of an individual and respond in a way to
avoid data poisoning. All in all, develop-
ing these technologies and implementing
a variety of privacy provisions are the way
to go in life.

Data security and privacy are important
parts of the modern world, and consider-
ing the increasing amount of technology
And data that surrounds people, knowing
ways to ensure security is crucial. This
section explains the reason for paying at-
tention to data security and privacy and
how well they contribute to the overall
safety of an individual. To conclude, data
security and privacy concern not only the
safety of our data but also our safety as a
person and guarantee that people can trust
us. Information security is essential in the
modern world, and the knowledge of the
ways to ensure it, as well as of how much
it contributes to the life of individuals.
Overall, people can ensure safety. Data se-
curity and privacy is all about the essential
tips and principles to follow to make an
ethical choice. At work, it is vital to ensure
the safety of employees and provide the
security of the data and to comply with the
current regulations to make data breaches
not applicable.
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Recap

W,

Statistical Eugenics: Applying statistics to promote eugenic theories and
policies, now considered unethical.

Human Bias in AI: Al models often reflect biases from training data, leading
to unfair outcomes.

Responsibility in Data Science: Ensuring fairness and addressing bias/
unfairness in Al models through careful data collection, design, and
monitoring.

Bias vs. Unfairness: Unfair predictions arise from biased algorithms;
addressing both is essential for ethical Al

Data Ethics: Moral obligations in data collection, management, and
dissemination

Data Security and Privacy: Protects personal information, builds trust, and
ensures legal compliance.

Types of Data Security Threats
¢ Phishing
¢ Malware (ransomware)
¢ Insider threats

¢ Al-powered attacks

Data Privacy Principles
¢ Transparency
¢ Consent
¢ Data Minimization
¢ Accuracy
Future of Data Security and Privacy
¢ Legislative Changes
¢ Technological Advances

¢ Privacy-preserving Data Analysis
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Objective Type Questions

R =

What is a major issue in AI models related to training data?
Which term refers to fraudulent attempts to obtain sensitive information?
What type of malware encrypts files and demands payment for decryption?

Which social media platform was involved in the Cambridge Analytica
scandal?

5. What must data science ensure to address bias and unfairness in AI?

6. What arises from biased algorithms and needs to be addressed for ethical AI?

7. What framework guides organizations in collecting, protecting, and using

10.
I1.

12.

data without bias?

What principle involves informing individuals about data collection and
usage?

What is required from individuals to use their data ethically?
What concept involves collecting only necessary data?

What protective measure converts data into codes to prevent unauthorized
access?

What is a major challenge in future privacy deployments balancing inno-
vation with?

Answers to Objective Type Questions

SORNOCEE Sl i SO OB

10.
I1.
12.

Bias
Phishing
Ransomware
Facebook
Fairness
Unfairness
Ethics
Transparency
Consent
Minimization
Encryption

Privacy
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Assignments

Define data security and data privacy in your own words and explain their
importance in the digital world.

Briefly describe three common data security threats and suggest ways to
prevent them.

3. Explain the concept of data privacy principles with examples.

4. Evaluate the role of transparency, consent, and data minimization in data
ethics. How do these principles contribute to ethical data practices?

5. Examine the importance of data security and privacy in the modern digital
world. Why is it crucial for individuals and organizations to prioritize these
aspects?

6. Discuss the Facebook-Cambridge Analytica scandal. How did it raise
concerns about user data privacy, and what measures have been taken since
to prevent similar incidents?

7. Discuss the expected trends in legislative and regulatory requirements for
data security and privacy. How can organizations stay compliant with these
evolving standards?

Reference
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technigues (3rd ed.). Morgan Kaufmann. ISBN: 0123814790

Moolayil, J. (2016). Smarter decisions: The intersection of loT and data
science. Packt.
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Unit 3

Data Governance

Learning Qutcomes

After the successful completion of the course, the learner will be able to:

¢ explain the concepts of choosing the Best Governance Model.
¢ familiarize Indian Data Privacy Act.

¢ familiarize GDPR and CCPA Regulations and Their Importance in Today’s
Data-Centric World.

¢ identify importance of GDPR and CCPA in Today’s Data-Centric World.

Prerequisites

Data governance is an essential framework consisting of processes, roles, policies,
standards, and metrics designed to ensure effective data usage within organizations. It
is crucial for maintaining data quality and security, which in turn supports data-driven
strategies that foster success across various industries. An effective data governance
strategy strikes a balance between centralized and decentralized approaches and utilizes
tools like data catalogs, profiling, and cleansing to ensure data accuracy and integrity.

The Indian Data Privacy Act (DPDP), implemented in August 2023, empowers indi-
viduals by granting them control over their personal information, focusing on consent,
data access, correction, and deletion. Similarly, the General Data Protection Regulation
(GDPR) in the European Union enforces stringent data processing rules to safeguard
personal data, ensuring it is handled lawfully, fairly, and transparently. The California
Consumer Privacy Act (CCPA) provides California residents with rights over their per-
sonal data, such as understanding the purposes of data collection, accessing their data,
requesting its deletion, and opting out of data sales.

Both GDPR and CCPA emphasize the importance of protecting data privacy rights
and ensuring organizational accountability. These regulations mandate that organiza-
tions implement robust data security measures, conduct regular audits, and report data
breaches, thereby promoting transparency and trust.

Technology plays a pivotal role in contemporary data governance. Tools for data dis-
covery, profiling, and cleansing enhance data quality from the start, while metadata
driven ETL and data integration applications improve data lineage and comprehen-
siveness. Cloud based solutions provide scalability, cost-effectiveness, and enhanced

security, making them indispensable to effective data governance.
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Key words

Data governance, Processes, Roles, Policies, Standards, Digital Personal Data
Protection Act (DPDP), General Data Protection Regulation (GDPR)

Discussion

6.3.1 Data Governance

Data governance is a crucial framework
that consists of processes, roles, policies,
standards, and metrics to govern and con-
trol data usage effectively and efficient-
ly when implementing organizational
goals. The current work focuses on data
governance, specifically, discussing and
illustrating its importance along with im-
plementation examples. Data is the most
valuable asset for organizations in the
information economy today. Data-driv-
en strategies are imperative for success
across every industry, underpinning such
objectives as revenue growth, profitabil-
ity, and customer satisfaction. To assist
these goals, the data must be timely and
trustworthy. The Harvard Business Re-
view reports that 47% of newly created
data records have at least one critical er-
ror that causes specialist work ineffectual.
Thus, the organization implementing data
governance must be aware of these con-
cerns and determine how to act to increase
decision credibility and certainty.

In general, data governance explains pro-
cesses and responsibilities to ensure data
quality and security throughout an organi-
zation. Data governance focuses on who
can do what with which data under what
circumstances and with what methods. A
well-defined data governance strategy is
fundamentally important for any organi-
zation interested in the data to maintain
such business-level advantages as con-
sistent, standard processes and responsi-
bilities. For example, if a driver of data
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governance for the US organization is to
ensure the privacy of healthcare data, such
patient data must be managed securely as
it flows through the business. The man-
agement includes adhering to laws, reg-
ulations, and data governance standards
like the General Data Protection Regula-
tion and the California Consumer Privacy
Act.

6.3.2 Choosing the Best Gover-
nance Model

We are living in a data driven world and
it brings challenges around storing data
which is exploding today. The new sourc-
es of data and the latest data driven roles
within organizations cause further com-
plexities. In this case, traditional top-down
governance models are not enough, that is
why there is a need for a balance between a
centralized and a decentralized approach.
Such a hybrid model is more flexible and
scalable. You should know your data first;
this means that you should list and doc-
ument your sources. Besides, you need
to take any appropriate actions to ensure
quality data and use tools for data profil-
ing and cleansing. Data is to be trusted and
identified after being sent. The best way to
do it is to organize it, making it available
everywhere. You need to set up a single
point of trust, for instance, a data catalog.
This will allow you to concentrate trusted
data and define roles and responsibilities,
thus saving time and effort. The next thing
is the upscaling of data governance.

It is true to say that in order to scale it, au-
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tomation is to be used. Data flows can be
automatized and they will reduce manual
labor. There is a technology of evaluation
data and its quality and also doing correc-
tions called machine learning. It will make
data governance more scalable and quick.
Besides, modern data governance is about
collaboration. Combining bottom-up and
top-down strategies will enable central IT
and business units enhancing the quality
data and its trustworthiness. Talend Data
Preparation and Data Stewardship are
tools that will allow you to do data man-
agement self-service, that is, to cleanse,
standardize, and protect data by yourself.

6.3.3 Indian Data Privacy Act

The last law, the Digital Personal Data
Protection Act, abbreviated to DPDP, that
was put into effect in India starting August
2023, is a total game-changer for data pri-
vacy in India. Can you imagine a world
properly governed by the law, wherein ev-
erything that is put online - your personal
information, in this situation - you are in
control of? Well, that is exactly the aim of
the DPDP Act. But enough with the train
of relatively technical clauses. What this
act is about is you, as an individual, hav-
ing a say in how your personal informa-
tion is handled. Here is a quick glimpse of
the whole act, and my voiced takeaway:

Your personal information cannot be
hauled and processed by companies and
institutions without your unambiguous
agreement. The Act harnesses your right
to access your personal information, cor-
rect it in case there is anything that needs
correcting, and demand deletion of your
said data. The Act allows the sovereign
government to rule the transfer of your
personal information to other countries,
granting it the right to cut those, which
lack common decency and respect for in-
dividuals’ privacy, from the data flow. The
DPDP Act is a serious step forward all
thanks to it bringing the digital space to
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balance in India. It is not groundbreaking
in a sense that it immediately solved all
the problems, but the DPDP Act is defi-
nitely a step in the right direction and to-
wards a more humane digital future.

6.3.4 Understanding GDPR
and CCPA Regulations and
their Importance in Today’s
Data-Centric World

Organizations all over the world collect,
process, and store enormous quantities of
personal information so as to make their
operations work, provide better custom-
er service, and gain competitive benefits.
Nonetheless, using people’s personal in-
formation to such an extensive degree
involves huge responsibilities of keeping
people’s privacy safe and their private in-
formation secured. This is exactly where
such laws as the General Data Protection
Regulation and the California Consumer
Privacy Act come into force. Both laws
introduce strict rules of personal informa-
tion processing to be followed by organi-
zations, aiming at ensuring people’s right
to their private data is protected and that
the job of collecting, managing, and pro-
cessing personal information is transpar-
ent and under public scrutiny.

The General Data Protection Regulation
is a robust data protection regulation in-
troduced by the European Union. GDPR
is one of the world’s most fierce privacy
and security laws, and it has been in oper-
ation since 25 of May, in 2018. It covers
all organizations around the planet that are
working with the personal information of
the European Union’s residents, no mat-
ter where the organizations are located.
The GDPR acts across several personal
data protection matters and places terrific
responsibilities on organizations to keep
people’s personal information safe and
private.
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6.3.4.1 Important Provisions
included in GDPR

1. Organizations must process perso-
nal data lawfully, fairly, and trans-
parently. They must provide clear
information about how data is
collected, used, and shared.

Personal data should be colle-
cted for specified, explicit, and
legitimate purposes and not further
processed in a manner incompa-
tible with those purposes.

Data collection should be limited
to what is necessary for the inten-
ded purposes.

Accuracy: Personal data must
be accurate and kept up to date.
Inaccuracies should be rectified
without delay:.

Storage Limitation: Personal
data should be kept in a form that
allows identification of individuals
for no longer than necessary for
the purposes for which the data is
processed.

Integrity and Confidentiality:
Personal data must be processed
securely to protect against unauth-
orized or unlawful processing and
accidental loss, destruction, or
damage.

Accountability: Organizations are
responsible for complying with
GDPR principles and must be able
to demonstrate their compliance.

6.3.4.2 Importance of GDPR

The GDPR or the General Data Protection
Regulation guideline is one of the most im-
portant aspects of EU legislation. General
Data Protection Regulation outlines the
main laws and rules for the personal data
of individuals. The GDPR guarantees an
individual can control their personal data,

access it, correct when needed, restrict
processing of the data, and delete at will.
In addition, the guidelines require every
organization to ensure proper protection
of data with security measures, regular au-
dits, and reporting of any breaches of the
measures. Consequences of not following
the GDPR rules can inflict massive fines
for any organization up to €20 million or
4% of an organization’s budget. Enforcing
the rules protects individuals from im-
proper use of their personal data.

6.3.4.3 What is CCPA?

The California Consumer Privacy Act
(CCPA) is a privacy law enacted in the
state of California, USA. It became effec-
tive on January 1, 2020, and is one of the
most significant data privacy regulations
in the United States. CCPA grants Cali-
fornia residents specific rights over their
personal data and imposes obligations on
businesses that collect and process such
data.

Important Provisions included in
CCPA:

1. Consumers have the right to know
what personal data is being colle-
cted about them, the purposes for
which it is being used, and with
whom it is being shared.

Consumers can request access to
their personal data held by busin-
esses.

Consumers have the right to requ-
est the deletion of their personal
data, subject to certain exceptions.

Consumers can opt-out of the
sale of their personal data to third
parties.

Consumers should not face discri-
mination for exercising their rights
under CCPA.
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6.3.5 Importance of GDPR and
CCPA in Today’s Data-Centric
World

Today, where the world’s pace is data-cen-
tered and personal data appears to shape
innovation and business strategies, GDPR
appears to be one of the vital documents.
CCPA also reflects the public and orga-
nizational concerns with personal data
safety and security and poses stringent de-
mands for the way the data should be ac-
cessed or protected. Moreover, GDPR and
CCPA are documents that contribute to
building the legal side of the domain. That
is, both GDP and CCPA require organiza-
tions to implement data protection means
and restrict them from personal data usage
without the data owners’ permission. Im-
plementing such stringent prerequisites,
the documents help protect ‘the rights
and freedoms of natural persons’ and help
create a framework where individual data
safety and privacy is maintained.

These laws protect individuals’ data pri-
vacy rights by laying out strict rules on
the processing of personal data. Organiza-
tions collecting data are required to obtain
explicit consent, state the purpose of data
processing, and allow individuals to ac-
cess and delete their data. Data protection
regulations such as GDPR and CCPA have
provisions that promote organizational ac-
countability. This is done through require-
ments such as carrying out a data protec-
tion impact assessment, regular auditing,
and reporting data breaches. Any failure to
follow the required measures amounts to
legal liability on the organizations. GDPR
and CCPA require organizations to imple-
ment strong data security measures to pro-
tect personal information from unautho-
rized access, breaches, or misuse. All the
data has to be secure and disaster-proof to
mitigate any anomalies in data process-
ing. Though limited to a few jurisdictions,
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GDPR and CCPA set the standard high for
other countries. Therefore, as organiza-
tions follow the guidelines, they are inad-
vertently setting worldwide rules for best
data practices.

To sum up, GDPR and CCPA are the in-
dispensable regulations for the modern
data-valued society. They help to protect
human rights and build trust and account-
ability between each other. They enforced
the strict rule to protect the right of the
personal data of individuals and make the
data controller or processor follow the
right procedure. A large group of people
have their lives in data, so the means and
guidelines to protect personal data are
more important than ever.

Compliance with the data protection reg-
ulations is an important element of data
governance. Both GDPR and CCPA re-
quire the organization to create various
types of control or data protection like
data masking, data retention, data securi-
ty notification. Data governance helps the
organization to all their regulatory needs.

6.3.6 The Role of Technology
in Data Governance

Modern data governance requires the use
of technology. For instance, data discov-
ery, profiling, and cleansing tools advance
data quality from inception. Such tools al-
low the organization to know its data, spot
the potential points an error can occur, and
fix it before they arise. As a result, the data
quality in the enterprise remains at a high
level. Another technological solution is
metadata-driven ETL ‘extract, transform,
load,” and data-integration applications
which track and trace data flows. These
tools advance data lineage and compre-
hensiveness because they ensure all trans-
formations and movements are carefully
documented and clear. On one hand this
increases accountability and reduces data
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ambiguity makes any audit easier and sup-
ports compliance with current data regu-
lations. On the other hand, cloud-based
solutions heavily advance data governance
and management, as they are cost-effec-
tive and provide the ability to scale and
install on any device. Additionally, cloud-
based solutions increase data security, as
they protect the data from breaches and
make them internal. All cloud solutions
make it possible to securely store large
amounts of data on remote servers instead
of a local SSD and are superior in terms
of anti-hacking security measures. This
makes cloud solutions a viable solution in
terms of data management.

Instructing employees about governance
is important. Such training is especially
important in modern business due to the
prevalence of work with data. Employees
at all levels must understand they work
with data and must know how to do it ef-
fectively and safely. Therefore, organiza-
tions must implement extensive training
programs that will make all staff members
aware of the data governance policies. It
can include a vast variety of teaching meth-
ods and approaches. Blended learning and
e-learning techniques must be included,

@,
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such as gamified interactive modules, real
case scenarios, and continuous learning
setups. In turn, this increases the proba-
bility that information will be learned and
teaching will advance the development of
a responsible attitude to data. On the other
hand, this reduces the risks of staff mem-
bers doing things that employees should
not do but believe they can through by
abusing current established procedures
in enterprise. By doing so, a safer, more
compliant environment can be created in
the organizations.

Data governance is not only about control
and compliance, but it is also about help-
ing organizations to unleash the full value
of their data and making the data useful.
With the help of data governance, people
can develop a framework able to ensure
high data quality, performance security,
and issue-specific compliance, as well as
integrate these principles into business
and develop analytical decision-making.
In the era of high technologies and high
business competition, it is crucial to im-
plement data literacy and govern data col-
laboratively with the use of technology to
meet the new challenges and opportuni-
ties.



Recap

¢ Data Governance: A structured system of procedures, roles, policies, standards,
and metrics designed to ensure the efficient and effective use of data.

¢ Choosing the Best Governance Model:

¢ Striking a balance between centralized and decentralized methods to manage
data.

¢ Indian Data Privacy Act (DPDP)

¢ Implemented in August 2023, this act empowers individuals with control
over their personal data.

¢ GDPR:

¢ A European Union regulation that imposes stringent requirements on data
processing to safeguard personal information.

CCPA:

¢ A California law that provides residents with rights over their personal data,
including the right to know the purpose of data collection, access their data,
request deletion, and opt out of data sales.

¢ Importance of GDPR and CCPA:
¢ Protect data privacy rights and enforce organizational accountability.
¢ The Role of Technology in Data Governance:

¢ Use of tools for data discovery, profiling, and cleansing to maintain data
quality.

Objective Type Questions

What is a hybrid model in data governance?

What is crucial to know about data in a governance model?

Which technology helps scale data governance by reducing manual labor?
When did the DPDP Act come into effect in India?

What does the DPDP Act require for data processing?

What is the main purpose of the GDPR?

What do GDPR and CCPA promote in terms of data handling?

How do cloud-based solutions benefit data governance?
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9. What is the framework that includes processes, roles, policies, and standards
to control data usage effectively?

10. Whatis the term for an organized inventory of trusted data in data governance?

11. Which law regulates the transfer of personal data from India to other
countries under the DPDP Act?

Answers to Objective Type Questions

Balance
Sources
Automation
2023

Consent
Protection
Accountability

Secure

2 g N ey o Y=

. Governance
10. Catalog

11. Sovereign

Assignments

1. Define Data Governance and explain its key components.

2. Discuss the importance of ensuring data quality and security within an
organization.

3. Compare and contrast centralized and decentralized data governance models

4. Summarize the main objectives of the Digital Personal Data Protection Act
(DPDP).

5. What are the key provisions of the General Data Protection Regulation
(GDPR)?

6. Outline the rights granted to California residents under the California
Consumer Privacy Act (CCPA).

7. Explain how GDPR and CCPA contribute to protecting data privacy rights.
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Unit 4

Data Sharing and Management

Learning OQutcomes

After the successful completion of the course, the learner will be able to:

¢ identify the importance of data sharing

¢ cxplain Data Management Planning

¢ familiarize Ethical and Legal Considerations
¢ identify Strategies for Data Management

¢ analyze Case Studies and Practical Examples

Prerequisites

Data Management Planning (DMP) is essential for effectively managing data through-
out its entire lifecycle. An effective DMP provides a detailed plan for the types of data
to be created, the standards for metadata, and the procedures for managing and con-
trolling access to the data. It also specifies how the data will be stored, backed up, and
preserved, helping to prevent issues and maintain data integrity over time. By antici-
pating and addressing potential challenges, a well developed DMP reduces risks and
supports smoother research operations.

Ethical and Legal Considerations in data management require compliance with relevant
standards and regulations governing data use and sharing. Researchers need to secure
informed consent from participants, uphold data privacy, and adhere to legal frame-
works such as the Data Protection Act and the General Data Protection Regulation.
These practices ensure that participant rights are protected and that data management is
conducted with transparency and responsibility.

Strategies for Data Management aim to ensure data quality and accessibility. Effective
strategies include comprehensive documentation of data collection methods and data
structures, maintaining an organized file system, conducting regular data backups, and
employing secure storage solutions. Implementing version control is crucial for track-
ing changes and avoiding misuse. Institutions often provide support for these strategies
through specific guidelines and centralized data repositories, enhancing the overall
management and accessibility of data.




Key words

Data Sharing, Scientific Research, Innovation, Data Enquiry, Ethical Standards,
Legal Considerations, Data Management Plan (DMP)

Discussion

6.4.1 Introduction : Data
Sharing

Data sharing, as a part of the scientific
process, is one of the essential factors. It
promotes the transparency of the exper-
iments, allows verifying the results ob-
tained during the research, and helps sci-
entists in their further work. Sharing data
with the wider scientific community may
motivate other researchers to perform new
analyses and experiments in pursuit of ob-
taining different, and possibly even better
results. By sharing data, the researchers
can also avoid any unnecessary data col-
lection processes, thereby saving their
time and sometimes even resources. Last-
ly, the used data can drive the novelties in
the field, establish new ways of making
conclusions, and contribute to creating the
collaboration around the original experi-
ment. Thus, data sharing is beneficial due
to the following reasons:

6.4.1.1 Encouraging Scientific
Enquiry and Debate

Data sharing at large promotes an open
scientific culture, where researchers can
scrutinize and build upon each other’s
work. The other reason for data sharing
is that researchers’ work is more cred-
ible and thorough with a higher reliance
on the already retrieved data. Therefore,
data sharing and the corresponding crit-
ical engagement benefit scientific work.
First, other researchers may reanalyze
the shared data to ensure that the findings
are valid or use it to test new hypotheses.
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Second, the researchers may evaluate the
methodology applied to the dataset. All
these activities make science more of a
collaboration and all views shared during
the critical engagement later become a
part of the scientific inquiry.

One possible blunder when working with
shared data is evaluating its validity only
once. Often the datasets are misleading or
incorrect and just the fact that some sci-
entist used a particular dataset does not
tell that the scientist has compensated
or corrected the possible errors. Another
mistake is relying on shared data while
thinking that the data will provide a defi-
nite answer. Data are used to formulate a
question, not an answer. In the best case,
data will give some proof, in the worst
case they will be considered irrelevant.

6.4.1.2 Promoting Innovation
and Potential New Data Uses

In this context, is it not possible to view
data sharing as an equivalent of social net-
working? Researchers post data, and read-
ers look at them, possibly criticizing and
revising the results. Sometimes, questions
which may be classified as irrelevant on
some data uses provide vital discoveries.
For instance, a group of ecologists col-
lected data along a river to study the life
characteristics of certain fish species. Yet,
another group of scientists argued that
the data could be used to come up with
an algorithm of determining the possible
changes in biodiversity as a sign of cli-
mate change. Application of the data in

9,




this new way showed that the fish biol-
ogy along this stream suddenly became
richer, which may be caused by changes
in climate. The data was merely applied
to another formula, but this simple trick
brought a fundamental discovery. Data
sharing may require a clear idea of what
to do with it, as it may be difficult to ap-
ply fuzzy numbers or relationships. On
the other hand, even the most insignificant
data may reveal great insights when asked
the correct question.

6.4.1.3 Maximizing Transpa-
rency and Accountability

Transparency is a necessary prerequisite
for scientific integrity. In particular, data
sharing makes methods and results of sci-
entific research transparent to the public.
As a result, peers, and interested parties
can check the validity of the study and the
data presented in it. Open data promotes
increased research quality: researchers
are unlikely to conduct fraudulent studies,
fabricating or falsifying data when these
data are open to the public. In other words,
when researchers make their studies’ data
available, they become accountable not
only to their colleagues but also to the
whole world. The availability of data
helps ensure that research results are be-
lieved. In addition, funding agencies and
policymakers can better assess the impact
and value of the studies they fund if the
data are open.

6.4.1.4 Enabling Scrutiny of
Research Findings

The peer reviewing of information is a
critical concept for scientific research
validation. The data sharing approach is
used since it offers better inspection and
evaluation capabilities as a reviewer gains
access to the research’s raw data and the
techniques that were used for analysis.
This, of course, would help a reviewer
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to identify any errors, mistakes, biases,
or limitations of a research. Moreover,
shared data would not only support or
disprove the specific research’s conclu-
sion but would also serve as material and
data for its validation. For instance, shared
data could lead to finding inconsistencies
that are not presented or directly visible
within the publication, indicating that the
research is not truthful. In conclusion, the
ability to evaluate shared data is a factor
that benefits the scientific process.

In addition to enabling scrutiny and val-
idation of research findings, data shar-
ing fosters collaboration and innovation
within the scientific community. When
researchers have access to shared data-
sets, they can build upon existing work,
potentially uncovering new insights or
developing novel methodologies. This
collaborative environment encourages di-
verse perspectives and expertise to come
together, enhancing the overall quality
and impact of scientific research. Further-
more, data sharing promotes transparen-
cy and accountability, as researchers are
more likely to adhere to rigorous standards
when they know their work will be openly
accessible and scrutinized by peers. This
openness not only strengthens the credi-
bility of individual studies but also con-
tributes to the advancement of science as
a whole, driving progress through shared
knowledge and collective efforts.

6.4.1.5 Reducing the Cost of
Duplicating Data Collection

Data collection is one of the most costly
parts of scientific research, in terms of
both time, money and effort. Sharing that
data enables others to avoid collecting the
data that has already been collected, and
to concentrate resources in providing new
and innovative research. For example, a
health survey can benefit a particular re-
search team if the results are used to draw



new, interesting and innovative lines of
research. It is likely that another research-
er, who is studying the same population or
disease will have to conduct his own sur-
vey. Thus the public resources are wasted
on the duplication of work, particularly
when the initial survey will have been
both solid and costly. Moreover, the time
spent in collecting the data is that much
time that could not be spent researching
the new topic. It is crucial that other re-
searchers are in a better position to carry
on their own research with minimum time
wasted, therefore should have access to
what has been done before.

That is the reason why data sharing is man-
dated or encouraged by public funders of
research, such as the Economic and Social
Research Council or the Natural Environ-
ment Research Council.

6.4.2 Data Management
Planning

Proper planning of data management is
a prerequisite for ensuring that data is
appropriately organized, documented,
and stored in the future. A DMP, or data
management plan, allows for outlining
how the given task will be performed or
accomplished both during and after the
research, resisting all of the typical data
mismanagement challenges. The key ele-
ments of such a plan are outlining the type
of data that will have to be produced, the
corresponding standard for metadata and
data quality, the plan of action to manage
and share files as well as provide access
to them by other stakeholders, ethical, and
legal constraints associated with data us-
age and access, as well as the roles and re-
sponsibilities of the people that will have
to be working on the data.

DMP also has to take into account how
the data will be stored, backed up, and

SGOU - SLM - BSc - DS- Introduction to Data Science and Analytics

preserved. By doing so, it gives the people
that work with the given data a complete
toolkit for managing the data in question
and then integrating it into the existing
data array. Proper planning also decreas-
es the chance of running into unforeseen
complications during the course of re-
search, as the data is expected to be col-
lected in a certain manner, processed, and
saved, which means that the problems that
could potentially arise shall be anticipated
and avoided. Overall, shaping the research
methods and procedures in a well-consid-
ered manner with due regard to data might
turn into a significant temporary expense
to avoid bottlenecks glitch and permanent
long-lasting savings through regular prop-
er data management coming more easily.

6.4.3 Ethical and Legal
Considerations

Data management involves activities re-
lated to storing, using, and sharing data
resources securely and appropriately. Data
sharing implies that the recognized re-
search community, particularly research-
ers and analysts, can access and use the
data effectively. Ethical and legal con-
siderations are critical to managing and
sharing data. To manage data, researchers,
and stakeholders should comply with the
recommended ethical standards from pro-
fessional bodies, institutions, and funding
organizations. Informed consent, privacy
and confidentiality, and access control
limit accessing some data based on certain
conditions.

Informed consent implies that the re-
searcher must seek consent from partici-
pants for the collection, sharing, and using
of their data. The researchers must inform
the participants about the data that will be
collected, how it will be stored, preserved,
and shared. Data should be anonymized
since there exist ethical standards such as
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copyright and intellectual property rights,
social or moral standards, and legal norms.
In sharing and managing data, researchers
must comply with the relevant acts and
regulations such as the Data Protection
Act 1998, the Freedom of Information
Act 2000, and the General Data Protection
Regulation 2018.

6.4.4 Strategies for Data
Management

Data management is an essential part of
data work, and there are several main
strategies to ensure data quality, security,
and accessibility. First, document all data.
Having thorough documentation about the
methods of data collection, data’s struc-
ture and any manipulations of data is an
important part of the data management
process. Moreover, data should be clearly
documented so that other people can un-
derstand and use it. Second, the file orga-
nization plan should be created. Having an
organized system of files, with consistent
naming and reasonable folder structure,
can help to spend less time searching for
different files, as well as making it easier
to manage them. Third, ensure to back up
all data and store it securely. Regular data
backups, and secure data storage methods
are necessary, as data itself represents the
result of social work, for example, what
had to be collected, and therefore, should
not be lost due to technical issues. Howev-
er, data storage solutions should be secure
and should provide access to data in the
long run. Fourth, implement version con-
trol, to ensure tracking of changes and any
potential misuse of the data. Overall, all of
these strategies may be supported by the
research center or institution that imple-
ments specific rules of data management,
as well as provides templates, instructions,
and data repository centralizations so they
can be required to follow, and easier to im-
plement.
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6.4.5 Case Studies and
Practical Examples

Life Science DMP developed a data man-
agement policy, which requires that using
the Data Management Plan (DMP) in all
its funded projects lower the risks for data
to be poorly managed. Thus, the informa-
tion will be kept safe: backed-up, secured,
and preserved for the long term. Data
sharing will be encouraged to ask new
questions and assure the reliability of the
research data.

The BRC applies access controls as an
additional security measure to protect sen-
sitive data from unauthorized access. The
data which may be shared is used for mak-
ing decisions in the public sector and for
researchers from both the UK and other
countries.

Data sharing is “a powerful mechanism
with considerable long-term benefits for
the progression of science” that enriches
the scientific process. It “fosters scientif-
ic enquiry and debate,” encourages inno-
vation and the development of new data
uses, allows increasing transparency and
accountability, provides an opportunity of
credibility check by allowing scrutinizing
research results, and reduces the costs of
replicating earlier data collection. Since
the majority of the processes are based
on the principle that multiple people can
verify a given data, and the public avail-
ability of such data that can be used by
multiple researchers ensures their broader
quality. Thus, data sharing has consider-
able benefits that may drive and contrib-
ute to the scientific process. To this end,
the development of effective data-sharing
practices is critical for enhancing the over-
all quality, reliability, and impact of scien-
tific research and assisting the community
in achieving maximum benefits from the
available data.



Recap
¢ Data governance ensures effective data usage through processes, roles,
policies, standards, and metrics, supporting data quality and security.

¢ The Indian Data Privacy Act (DPDP), effective from August 2023,
emphasizes individual control over personal data.

¢ The GDPR in the EU enforces strict rules for data processing to protect
personal data.

¢ The CCPA grants California residents rights over their personal data,
including access, deletion, and opting out of data sales.

¢ Both GDPR and CCPA stress the importance of data privacy and
organizational accountability.

¢ Technology, including tools for data discovery and cleansing, plays a key
role in maintaining data quality and governance.

¢ Data sharing promotes transparency in research, allowing verification and
encouraging new analyses.

¢ Shared data helps avoid redundant data collection, saving time and resources.

¢ Data sharing fosters innovation and can lead to new applications and
discoveries.

¢ Transparency and accountability in data sharing improve research quality
and trust.

¢ Peer review of shared data enhances the validity and reliability of research
findings.

¢ Proper data management planning ensures organized, documented, and
stored data for future use.

¢ Ethical and legal considerations, including informed consent and privacy,
are crucial in data management and sharing.

¢ Effective data management strategies include thorough documentation,
organized file systems, regular backups, and secure storage.

¢ Case studies show that data management policies, such as DMP, help protect
data and promote sharing for better research outcomes.
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Objective Type Questions

1. What is a Data Management Plan (DMP)?

Which act, effective from August 2023, focuses on individual control over
personal data in India?

. Which regulation enforces strict rules for data processing to protect personal

data in the EU?

What practice in research promotes transparency and allows verification of
results?

5. What does data sharing help avoid, saving time and resources?

What type of policies help protect data and promote sharing for better
research outcomes?

What is crucial in data management and sharing, involving consent and
privacy?

Answers to Objective Type Questions

1. A structured approach to organizing, documenting, storing, and sharing
research data.

2. DPDP

3. GDPR

4. Sharing

5. Redundancy

6. DMP

7. Ethical

Assignments

1. Explain the key components of a data governance framework and their
importance in ensuring effective data usage.

2. Discuss the impact of the Indian Data Privacy Act (DPDP) on data
management practices within organizations.

3. Describe the benefits of data sharing in scientific research and how it
contributes to innovation and transparency.

4. Discuss the role of data sharing in enabling the scrutiny and validation of
research results.

5. What are the key elements that should be included in a Data Management

Plan (DMP) to ensure data quality and accessibility?
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6. How does data sharing help in verifying research results?
7. What can scientists develop through further analysis of shared data?

8. How does data sharing prevent unnecessary data collection efforts?
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Model Question Paper- Set-1

End Semester Examination
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BSc.DS&A 2024

B24DS03DC: INTRODUCTION TO DATA SCIENCE AND ANALYTICS
(CBCS - UG)
2024 -25 - Admission Onwards

Time: 3 Hours Max Marks: 70

Section A

Answer any 10 questions. Each carries one mark (10x1=10 marks)
1. What is Data Science?
2. What does DIKW stand for in the data pyramid?
3. Which language is most commonly used in data science?
4. What type of chart is ideal for showing trends over time?
5. What kind of data does an image file represent?

6. Which term describes values that significantly differ from the rest of the
dataset?

7. What is the process of scaling data to a range of 0 to 1?

8. Which type of sampling gives all items equal chances of selection?

9. What model assumes a linear relationship between variables?

10. Which statistical technique is used to validate assumptions?

11. What is the graphical representation of categorical data using proportions?

12. What software is used for building dashboards and visual analytics?
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13. What statistical test is used to check normality in a dataset?

14. What is the process of filling missing values using the mean or median
called?

15. Which machine learning technique is used to group similar data points?

Section B

Answer any 5 questions. Each carries two marks (5%2=10)
16. Differentiate between structured and unstructured data.
17. Mention two uses of feature engineering.
18. Define the term “Outlier” with one example.
19. State two advantages of data storytelling.
20. What is the significance of standard deviation in data analysis?
21. What is the role of ‘Normalization’ in machine learning?
22. Mention two components of a Data Science project.
23. State two characteristics of Big Data.
24. Why is handling missing values important?
25. What are the components of the DIKW pyramid?

Section C

Answer any 5 questions. Each carries four marks (5x4=20)
26. Explain the applications of data science in healthcare and retail.
27. Compare and contrast Min-Max Scaling and Standardization.
28. Describe the process of anomaly detection using Z-score and IQR.
29. Write short notes on structured, unstructured, and semi-structured data.
30. Explain the different states of data: collection, storage, sharing, and archiving.
31. Discuss the significance of regression analysis in EDA.
32. What are the common data collection methods in data science?

33. Describe the importance of cleaning and validating data.
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34.

35.

36.

37.

38.

39.

Explain clustering-based discretization with an example.
Briefly describe three types of visualizations used in data storytelling.
Section D
Answer any 2 questions. Each carries fifteen mark  (2x15=30)
Discuss the key components of data science with real-world examples.

Explain in detail the process of Exploratory Data Analysis (EDA) with tools
and techniques.

Describe the types of data anomalies and various techniques used for
detecting them.

Compare feature engineering, feature transformation, and dimensionality
reduction with examples.
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B24DS03DC: INTRODUCTION TO DATA SCIENCE AND ANALYTICS
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2024 -25 - Admission Onwards

Time: 3 Hours Max Marks: 70

Section A

Answer any 10 questions. Each carries one mark (10x1=10 marks)
1. Which distribution is bell-shaped and symmetrical?
2. Name a Python library used for data visualization.
3. What chart is best for detecting outliers using quartiles?
4. What attribute uniquely identifies rows in a database?
5. What is the first step in any data science project?
6. Which type of data lacks a fixed structure or schema?
7. What statistical concept represents the average of a dataset?
8. What do you call derived data created from timestamps?
9. Which language provides RStudio as an IDE?
10. What is the process of removing duplicate records called?
11. What type of data does JSON represent?

12. What is the role of an access control policy?
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13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

What graphical tool can detect relationships between two variables?
What does PCA stand for in dimensionality reduction?
Which chart is used to compare different categories?

Section B

Answer any 5 questions. Each carries two marks (5%2=10)
What are the benefits of using APIs in data science?
Define the term “data enrichment” with an example.
List two types of data anomalies.
What are the common challenges in anomaly detection?
Differentiate between One-Hot Encoding and Label Encoding.
State the importance of using sample size in statistical analysis.
Mention two uses of linear regression in business scenarios.
Define descriptive statistics and give two examples.
What is the difference between correlation and causation?
Explain two advantages of using cloud platforms in data science.

Section C

Answer any 5 questions. Each carries four marks (5x4=20)
Explain the importance of data quality in data-driven decision-making.
Compare logistic regression and linear regression.
Discuss various sampling techniques used for data reduction.
What are different statistical measures of variability? Explain with examples.
Write a note on normalization and its necessity in machine learning.
Describe the practical applications of EDA in different industries.
How does data storytelling enhance business communication?

Explain the steps to clean a dataset before analysis.
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34.

35.

36.

37.

38.

39.

Discuss the concept and advantages of using data lakes.

Explain the impact of sample size and margin of error on the accuracy of
results.

Section D

Answer any 2 questions. Each carries fifteen mark (2x15=30)
Describe the complete life cycle of a data science project.
Elaborate on various types of data and their role in data analytics.

Discuss methods of feature selection and transformation used in model
building.

Analyze the significance and techniques of data storytelling in decision-
making.
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