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Preface

 
Understanding and utilizing data analytics is becoming a universal 
need that spans every sector and industry in this revolutionary era 
of data. It is no longer a specialty but an essential concept that 
everyone should have knowledge about. Data Analytics Essentials 
was created to meet this exact need. It is designed to be a 
foundational manual for professionals entering this rapidly evolving 
industry and students hoping to pursue a career in data analytics. In 
addition to explaining the essentials of data analytics, this book  is 
also a compass that will guide you through the complexity of data 
pa�erns, forecasts, and strategic decision-making in the world of 
data. It will make you an active participant in the data's evolution 
rather than just a spectator.
 

It has been nothing less than an adventure for me to travel from
exploring the complexities of space engineering to embracing the
wide world of data analytics. Both domains are supported by
inquiry, logic, and the never-ending pursuit of knowledge. As a
result, I have ensured that this book combines structured approaches
with real-world examples to provide a comprehensive introduction
to data analytics.

 

To the students, let this book serve as your academic cornerstone,
helping you t connect theoretical knowledge with the practical skills
that your prospective employers will be looking for. If you're a
professional about to change or begin your career, think of this as
your spark, your stepping-stone towards a bright career. Whether
you're entering the world of banking, healthcare, retail, or



everything in between, the ideas and procedures covered in these
pages offer insightful viewpoints.

 
As you turn these pages, I encourage you to maintain the spirit of 
inquiry and critical thinking, important traits in the realm of data 
analytics.  These are valuable skills in the field of data analytics. This 
is an iterative process that necessitates constant learning and 
adjustment. If you embrace the process, you'll learn more about 
yourself as well as the trends in the data. Welcome to Data Analytics 
Essentials – where your journey into the heart of data begins!
 

Dr. Bianca Szasz
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Introduc�on to the book

 

The capacity to harness the sheer power of data can mean the
difference between staying in the background and influencing the
future in an age where information reigns supreme. Data Analytics
Essentials is your all-inclusive handbook and entry point into the
revolutionary field of data analytics. This book is essential for a
number of compelling reasons. It is a beacon, guiding readers who
wish to traverse the challenging but fascinating terrain of bits and
bytes.

 

Data analytics is the foundation for all decision-making in today’s
world. Humanity produces enormous amounts of data every day,
and within that data are insights, trends, and pa�erns just waiting to
be found. Data analytics transforms information into meaningful
insights, from the life-saving discoveries made in the healthcare
industry to the optimization of a retail supply chain or the
comprehension of global societal shifts. It gives people and
organizations the ability to make decisions based on solid, data-
driven foundations rather than on gut feelings.

 

Furthermore, data analytics gives you an advantage in a cu�hroat
market. It's a secret tool employed by successful businesses to stay
ahead of the competition, comprehend their clientele, forecast
market trends, and preserve operational effectiveness. Gaining an
understanding of the ideas presented in this book will enable you to
address practical issues, stimulate creativity, and advance in your



business or career. In strategic planning, data analytics plays a key
role by forecasting future sales pa�erns and spo�ing possible market
disruptions.

 

Additionally, data analytics is a crucial pillar in solving issues in a
variety of fields. Its influence extends beyond business and
technology to include education, healthcare, banking, and other
areas. Gaining proficiency in a universal language is the goal of
learning data analytics. It gives you the ability to deconstruct
complicated issues, examine diverse datasets, and make solutions
based on data and facts.

 

Data security and privacy have become crucial in our connected
world. Data analytics involves more than just collecting insights; it
also involves making sure that data is handled appropriately. You
will maintain the highest levels of integrity by following the advice
in this book as it walks you through ethical issues and best practices
in data management.

 

The dynamic nature of data analytics is one of its most exciting
features. It's a field that is always changing due to advances in
technology and academic curiosity. By working in the subject of data
analytics, you are contributing to an area that is always growing and
full of chances for advancement. This book will be your traveling
companion, giving you a firm foundation in fundamental ideas.

 



This book tries to provide you with a comprehensive understanding 
of the numerous facets of data analytics, from understanding 
different  data kinds and structures to using sophisticated analytics 
techniques. Real-world examples, useful case studies, and interactive 
features will be used to make the concepts more relatable to you. 
This book is designed with you in mind, whether you're an
experienced professional looking to expand your skill set to switch
careers, or a student hoping to get into the sector.

 

Adopting data analytics also opens the door for personal growth. It
develops an a�itude based on reason, accuracy, and investigation.
You will improve your analytical thinking, problem-solving, and
a�ention to detail skills, among other things, as you study this
subject. These are extremely marketable skills that can be applied in
any field of work.

 

By the end of this book you will be able to answer the following
questions regarding concepts in the area of Data Analytics:

● What is Data Analytics, and why is it crucial in the modern
business environment?

● What are the primary components and processes in Data
Analytics, and how do they contribute to obtaining
actionable insights?

● What are the responsibilities and typical decision-making
processes for analysts within this domain?

● How do disruptions or innovations in data technology
influence business strategies, operations, and everyday life?

● What are the real-world implications and applications of
advancements and trends in Data Analytics, including
examples of transformative impacts?

 



You are about to go on an empowering and enlightening adventure 
as you turn the pages of this book.  Join us as we go on this
adventure to discover the endless potential that is waiting to be
realized within data. This is Data Analytics Essentials. Welcome.

 

 



How to use this book?

 

We took flexibility into consideration when writing this book,
understanding that readers have different backgrounds and
aspirations in the field of data analytics. Various readers may
approach the text in the following ways:

1) If you're totally new to the field of data analytics, start with
Chapter 1 to gain a basic understanding and work your way
up to understand the nuances as your knowledge base grows.

2) Chapters 2 and 4 include an abundance of information about
the techniques and resources that simplify data processing
and management, making them indispensable resources for
professionals who concentrate on the practical elements of the
field.

3) Chapter 5 provides insights into your future career, duties,
and the influence of your work, will be insightful for aspiring
data analysts. This in-depth analysis makes clear what is
expected of you in this role and what you can anticipate.

4) Should you have a particular interest in Big Data, you should
read Chapter 6. This section explains the idea, explores its
major impact, and outlines its applicability across a range of
sectors.

5) You should not skip Chapter 7 if you are concerned about the
ethical consequences of using data. Anybody who works with
data should read it carefully to make sure their work complies



with the strictest ethical guidelines and respects privacy
restrictions.

6) The case studies in Chapter 8 will be very helpful to
practitioners searching for concrete, real-world uses and
outcomes of data analytics. These real-world examples
highlight the theories and approaches covered in the book.

 

We took flexibility into consideration when writing this book,
understanding that readers have different backgrounds and
aspirations in the field of data analytics. Various readers may
approach the text in the following ways:

 



Who can benefit from this book?

 

1) Individuals Looking to Switch Careers: Do you have
aspirations to mix things up in your work? A career in data
analytics can be your ticket to a fulfilling job. The goal of Data
Analytics Essentials is to make the connections between your
existing knowledge and the skills you'll need to acquire in
order to stand out in the job market. You will acquire the
ability to integrate analytics with your existing talents,
preparing you for careers as a data scientist, business analyst,
or data analyst. In addition, a plethora of sectors, like tech,
retail, finance, and health, will want you on their team.

2) Students and recent graduates: This book will support you if
you're at a moment in your career search or studies where you
need to make important decisions. No ma�er what you've
studied, Data Analytics Essentials gives you a strong
foundation by explaining everything in an easy-to-understand
language. You will acquire abilities from this book that are in
high demand across numerous sectors. Thus, you're not only
acquiring knowledge; you're also making yourself highly
desirable to potential employers!



Chapter 1
 

 

 

 

 

INTRODUCTION TO DATA
ANALYTICS

“Get ready to embark on a fascinating journey into the realm of
data analytics! This introductory chapter unveils what data
analytics truly is, sifting through the vast sands of data to uncover
invaluable insights, akin to a gold miner. We'll clarify the
distinction between data science and data analytics while
underlining the significance of data analytics in the modern world.
Additionally, a quick overview of this intriguing field's history
will be provided, followed by an explanation of its key
concepts.customers. Similarly, in the hospitality industry, while 
availing an accommodation at a hotel, one considers not just the 
service level but also the visual appeal of the room, quantity 
and/or quality of the tangible items like toiletries, tea bags, food, 
bathroom towels, etc. which are served in the room. This 
introductory chapter will lay a foundation for you to gather and 
assimilate the ideas which have influenced the theory and practice 
of ‘Services Marketing’ under the broad domain of marketing 
management.  
 
The key learning objectives of this chapter should include the
reader’s understanding of the following:

The definition of data analytics



The difference between data analytics and data science
The importance of data analytics for modern enterprises
The key historical milestones of the evolution of data
analytics as a field of study
The key concepts used in the field of data analytics

 

1.1: What is Data Analy�cs?
Firstly, you might ask, what data analytics really is. In this chapter,
we will take a look at the definition of the vast domain of data
analytics. Get ready and let’s dive into the captivating world of data
analytics!
 
Data is everywhere. Every time you post a comment on social media
or upload a file, a picture, a piece of music, or a short video, you
contribute to the data increase.1

 
Data analytics, at its core, is about making sense of all this raw
information. It is the process of collecting, pre-processing,
transforming, modeling, and interpreting data to extract useful
knowledge (pa�erns) from them, draw conclusions, predict future
trends, and guide decision-making2.
 
While the terms data analysis and data analytics may sometimes be
used interchangeably, they aren't identical. While both focus on
gleaning insights from data, data analytics places a particular
emphasis on the application of those insights to inform be�er



business decisions.3 Think of data analysis as the detective work,
and data analytics as pu�ing those clues into action.
 
Now, how does this process work? The journey of data analytics
often moves through several stages. There is no one specific method
for a project on data analytics, but usually, the following steps are
involved:

a) Understanding the problem to be solved
b) Defining the objectives of the project
c) Looking for the necessary data
d) Preparing these data so that they can be used
e) Identifying suitable methods and choosing between them
f) Tuning the hyper-parameters of each method
g) Analyzing and evaluating the results
h) Redoing the preprocessing tasks if necessary and repeating

the experiments.4

 
This meticulous process ensures that businesses can make the most
out of their data. Roughly, we can consider 5 stages of a data
analytics process: identifying, collecting, cleaning, analyzing, and
interpreting data.
 
Data analytics isn't just about numbers and algorithms; it is about 
asking the right questions and making informed decisions. It 
leverages a variety of tools, from  basic ones like spreadsheets to R, 
Python, RapidMiner, Hadoop, Spark, Tableau, and KNIME to dive 
deep into data and extract meaningful insights.5 Each tool plays its
unique part in the symphony of data analytics, enabling businesses
to interpret complex data and make strategic decisions.
 



Remember, data analytics isn't a one-time task. It is a cyclical,
iterative process that keeps evolving with every new piece of data
and insight. It helps us know the world be�er, enabling us to make
be�er decisions. It is about constantly learning from the past,
optimizing the present, and strategizing for the future.
 
In a nutshell, data analytics is like a compass in the vast ocean of
data, guiding businesses toward their goals. So next time you come
across a big decision, remember - there's probably data out there to
help light your path!
 

1.2: How different is Data Analy�cs from Data
Science?

Besides data analytics, another term we often hear is data science.
What is the difference between them? Are they the same? Well, both
are fascinating fields that deal with data, but they have unique
focuses and applications.
 
Data analytics refers to the process and practice of analyzing data to
answer specific questions, extract insights, and identify trends.6

Think of data analytics as the magnifying glass that zooms in on the
data, helping us find answers to particular questions and identify
actionable insights.7

 
On the other hand, data science takes a broader view. It includes
data analytics as a part, but it also explores unstructured data using



advanced tools like machine learning and artificial intelligence. It's
not just about finding answers to existing questions, but also about
asking new, strategic-level questions and driving innovation.
 
This difference in scope means that a data scientist's role is typically
broader than that of a data analyst.8 A data scientist may even start
their career as a data analyst and then expand their skills and
knowledge to include more data science techniques.
 

Although the term "Data Science" has
been around for some time, in 2008 it
took on new significance. The present
concept of "data scientist" is credited
to D.J. Patil and Jeff Hammerbacher9.
The most interesting part is that
many people frequently refer to the
work of a data scientist as "data
janitor" work since it requires a lot of
data cleaning and organization before
any significant discoveries can be
made.

 
Key skills and tools also differ between the two. For instance, while
both require programming skills, data science often utilizes machine
learning algorithms and data mining activities to extract insights,
while data analytics usually does not.
 



One way to think about the difference is through the types of
questions they answer. Descriptive, diagnostic, predictive, and
prescriptive analytics are the four types of data analytics, each
answering a specific type of question. Data science, meanwhile, may
ask broader, more open-ended questions to innovate and explore
new possibilities. In fact, data science is one of the most significant
advances of the early twenty-first century.10

 
To sum it up, data analytics is like the Sherlock Holmes of data,
working with a magnifying glass to answer specific questions and
solve defined problems. Data science, on the other hand, is more of a
visionary like Galileo, using a telescope to explore the vast cosmos of
data and discover new horizons. And just like Holmes and Galileo,
both have a critical role to play in understanding our data-filled
world!

1.3: The Importance of Data Analy�cs in Today's
World

Data analytics is integral to business operations, allowing leadership
to develop evidence-based strategies, understand customers be�er,
and enhance efficiency.11

 
In our fast-paced digital world, data analytics plays a pivotal role in
driving business growth. It provides us with invaluable insights,
helping to illuminate the path to success and giving us a competitive
edge. Think of it as the headlights of a car in the darkness, helping
businesses see the road ahead and avoid obstacles.



 
Table 1.2 illustrates how firms can benefit greatly from current
business challenges by adopting a more analytical and data-driven
approach. Any firm faces four main challenges: maximizing
operations, identifying risk, forecasting new opportunities, and
adhering to legal and regulatory obligations. Stated differently, these
are generally referred to as the primary business drivers. These four
drivers can be converted into a number of factors that data analytics
may employ to study and regulate. For example, to optimize
business operations, data analytics can be used to calculate number
of sales, pricing, profitability, and efficiency. By controlling sales,
pricing, profitability, and efficiency, business operations can be
optimized. The same principle can be applied to other examples
wri�en in Table 1.2. By monitoring customer churn, fraud, and
default, the business risk can be identified. By investigating the
upsell, cross-sell, and the best new customer prospects, new business
opportunities can be predicted. And, by carefully obeying the Anti-
Money Laundering, Fair Lending, Basel II-III, Sarbanes-Oxley (SOX)
policies, the business can make sure that it complies with the main
laws and regulatory requirements. All these tasks require data
analytics at its core.
 
 
Table 1.2  Business drivers for advanced analytics

Business Driver Examples

Optimize business
operations

Sales, pricing, profitability,
efficiency



Identify business risk Customer churn, fraud,
default

Predict new business
opportunities

Upsell, cross-sell, best new
customer prospects

Comply with laws or
regulatory
requirements

Anti-Money Laundering, Fair
Lending, Basel II-III,
Sarbanes-Oxley (SOX)

Source: Long, C. et al. 2015. Data Science & Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data. John Wiley &
Sons, Inc., Canada. ISBN: 978-1-118-87613-8.
 
One significant aspect where data analytics shines is in its ability to
turn consumer feedback into profitable insights. Effective use of data
analysis could be the key to transforming a failing product line into a
quality one that truly satisfies customers' needs, driving profits and
business growth.12

 
Big data is a well-known concept, representing massive data sets
with a large, diverse, and complicated structure that is challenging
to store, analyze, and visualize for additional procedures or
outcomes13. The rise of big data has also created new challenges and
opportunities. Traditional data protection principles are struggling
to cope with the complexity and opaqueness of big data analytics.
This evolution calls for innovative solutions and underscores the
growing importance of data transparency in the realm of data
analytics.14



 
As businesses generate and collect massive amounts of data, it is
essential to invest in advanced analytics to leverage new and
innovative sources of data. Organizations that can pivot swiftly and
create new insights from their data are the ones that will thrive in
today's business world.15

 

Although big data gets a lot of
a�ention, often the most useful
insights come from smaller data sets.

 
In a nutshell, data analytics is the fuel that powers the engine of
modern businesses. It's the treasure map that reveals the path to
success in the complex labyrinth of data. And in this ever-evolving
digital era, the importance of data analytics is only set to increase.

1.4: Brief History of Data Analy�cs
How have we come so far? How did data analytics emerge as a field
of study? The story of data analytics is a thrilling journey of human
achievement, steeped in the pursuit of understanding the world
through the lens of data.
 
Our journey starts in ancient times with the first use of data. The
history of data goes back to 19,000 BCE when the Palaeolithic
ancestors invented the Ishango bone, a tool to perform simple math
calculations16. This is considered one of the earliest records of
human scientific endeavor.



 

The financial analysis of the Medici
family has influenced contemporary
financial analytics17, which processes
and analyzes billions of transactions
to inform judgments about the world
economy.

 
However, modern data analytics started to take shape only in the
mid-20th century, with the appearance of computers. In the 1960s,
the invention of structured data and canned reports (which are pre-
designed and pre-forma�ed reports that are often included in
software applications) represented a significant step in the evolution
of data analytics, as this made the processing of large datasets
feasible. Fast forward to the 1980s and we witness the emergence of
relational databases, which are databases structured to recognize
relations between stored items of information. Relational databases
have symbols being organized into a collection of relations, often
expressed in tabular form.18 They allow users to retrieve data using
Structured Query Language (SQL). This was a revolutionary
moment, as it democratized data access, making data analysis more
accessible and widespread.
 
The late 1980s and early 1990s saw another key development with
the proposal of the "data warehouse" concept. Proposed by William
H. Inmon, data warehouses are systems optimized for reporting and
data analysis, allowing for a significant increase in the amount of



data collected. The 1990s also introduced us to data mining - the
process of discovering pa�erns in large datasets. This development
allowed for a different way to analyze data, providing the
opportunity for unexpected yet beneficial results. Today data mining
is used in a variety of sectors, including retail, financial services,
insurance, manufacturing, entertainment, and healthcare. Finding
connections and pa�erns that would otherwise be challenging can be
accomplished with the help of data mining. Many organizations
utilize this technology because it helps them understand their clients
be�er and make more informed marketing decisions.19

 
But the biggest change was yet to come – the internet. Larry Page
and Sergey Brin developed the Google search engine, capable of
processing and analyzing big data on distributed computers. With
the onset of the internet, data analytics truly took off! The early 2010s
witnessed the rise of cloud-based data warehouses like Amazon
Redshift and Google BigQuery, democratizing access to big data
analysis.20

 
At the same time, an interesting phenomenon appeared called data
deluge, driven by several factors depicted in Fig. 1.1. A data deluge
is a situation when a huge amount of data is created, much more
than it can be managed and processed. For example, in today’s
world, a lot of data is generated from social media, smart grids,
video rendering, and other sources illustrated in Fig. 1.1.
 
Fig.1.1      What’s driving the data deluge



 

 
Source: Long, C. et al. 2015. Data Science & Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data. John Wiley &
Sons, Inc., Canada. ISBN: 978-1-118-87613-8.
Many of the items in Figure 1.1 are driving the acceleration of data
creation. Among the big data sources with the quickest rate of
growth are social media and genetic sequencing, which are instances
of non-traditional data sources being analyzed. For example,
advertisements for bridal gowns, wedding preparation, or name-
changing services would appear in response to an update indicating
that a lady had changed her relationship status from "single" to
"engaged."21

 
Today, data analytics has become an integral part of our lives, both 
in  business and personal spheres. The industry has exploded, with 
the market for big data and business analytics expected to hit $420.98 
billion by 202722. In a world where data analytics is present in every
aspect of life, from business intelligence to personalized services, we
are constantly tapping into the power of data to make informed



decisions.23 Further advancements in AI and machine learning will
take place in the future, promising an even more exciting chapter in
the history of data analytics. The journey, it seems, is just ge�ing
started!
 

1.5: Key Concepts in Data Analy�cs
Now let's dive into some of the key concepts of data analytics.
 
There are four main types of analytics: descriptive, diagnostic,
predictive, and prescriptive.24 Each one of these plays a unique role
in how we understand and utilize data.
 
Firstly, descriptive analytics tell us “What happened". This type of
analytics involves analyzing historical data to understand changes
over time. Whether it's website traffic, sales trends, or social media
engagement, descriptive analytics are your go-to for understanding
past behavior.
 
Secondly, we have diagnostic analytics, which aims to answer the
question "Why did it happen?". Here, the goal is to dig deeper into
data to understand the root cause of a particular outcome. It's like
being a data detective, looking for clues and connections in a sea of
information.
 
Third on our list is predictive analytics. You guessed it! This type
involves making educated guesses about the future. It answers the



question "What could happen?". By analyzing trends and pa�erns
from the past, predictive analytics can forecast future trends,
allowing businesses to make proactive decisions.
 
Lastly, we have prescriptive analytics, which tells us “What should
we do about it?". This type uses optimization and simulation
algorithms to advise on possible outcomes. Think of it like a
sophisticated data crystal ball, providing guidance on how to best
respond to predicted future scenarios.
 
Another key concept in data analytics is understanding the strategic
impact of data on organizational goals.25 That means identifying
how data can be utilized to drive business objectives and planning
accordingly. This process involves building a data analytics strategic
roadmap, which outlines action steps to realize business goals using
data and analytics objectives.
 
Now, let's take a moment to talk about big data. Big data are those
data sets whose dispersion, size, diversity, and/or timeliness
necessitate the use of novel technical architectures and analytics in
order to provide insights that open up new avenues for generating
benefits for the company.26 It's all about managing data that exceeds
the storage or processing capacity of traditional systems. With the
advent of the internet and the digital age, big data has become
increasingly relevant and impactful.
 



Big data can take many different forms, including text files,
multimedia files, genetic maps, financial data, and others. The
majority of big data is unstructured or semi-structured, in contrast to
much of the traditional data analysis carried out by enterprises,
necessitating the use of new processing and analysis methods and
tools. Four different types of data structures are depicted in Figure
1.2. Non-structured data categories will account for 80–90% of future
data expansion27.
 
Fig.1.2       Different types of data structures

Source: Long, C. et al. 2015. Data Science & Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data. John Wiley &
Sons, Inc., Canada. ISBN: 978-1-118-87613-8.
 
The four are distinct, but they are frequently combined. Call logs for
a software support call center, for instance, might be kept in a
traditional Relational Database Management System (RDBMS). Time



stamps, machine type, problem type, and operating system are
examples of common structured data that the RDBMS may hold in
relation to the support calls. Furthermore, it is probable that the
system will contain unstructured, quasi-structured, or semi-
structured data, such as free-call log information extracted from an
email ticket describing the issue, customer chat history, or an audio
file or transcript of a phone call detailing the technical issue and how
it was resolved. The call center data's unstructured, quasi-, and semi-
structured data offer an abundance of insights.28

 
Lastly, it is important to mention the concept of data literacy or, as
some might call it, learning to "speak data."29 This refers to the
ability to read, understand, and communicate with data. It's about
being fluent in the language of data, and capable of interpreting and
applying data for value in context.
 
So, that's a whirlwind tour of some key concepts in data analytics.
Remember, data analytics isn't just about numbers and algorithms,
it's about finding stories in the data, making informed decisions, and
unlocking potential. The world of data is rich and diverse, just
waiting for you to dive in and explore!



1.

2.

3.

Quiz

What is data analytics primarily about?

a. Uploading pictures and music
b. Making sense of raw information
c. Sifting for gold
d. Collecting data

 

What is the main difference between data analysis and data
analytics?

a. Data analysis is about finding pa�erns in data, while data
analytics is about applying those pa�erns to inform
business decisions.

b. Data analysis is about collecting and cleaning data, while
data analytics is about analyzing and interpreting data.

c. Data analysis is a one-time task, while data analytics is an
ongoing process.

d. Data analysis is used by businesses, while data analytics is
used by individuals.

 

Which of these is NOT a step in the typical data analytics
process?

a. Looking for the necessary data
b. Redoing the preprocessing tasks
c. Posting data on social media



4.

5.

6.

d. Tuning the hyper-parameters of each method

 

How is the process of data analytics best described?

a. A one-time task
b. A linear process
c. A cyclical, iterative process
d. A random process

 

How do data analysts utilize tools like R, Python, and
Tableau?

a. They avoid using them in favor of manual calculations
b. They use them to decrease the data size
c. They leverage them to dive deep into data and extract

insights
d. They consider them redundant in modern data analysis

 

How do the roles of a data scientist and data analyst typically
differ?

a. They are identical roles
b. A data scientist's role is typically broader
c. A data analyst's role is typically broader
d. A data analyst often begins their career as a data scientist

 



7.

8.

9.

What type of questions does data science typically answer,
compared to data analytics?

a. Broader, more open-ended questions
b. Specific, defined questions
c. Both answer the same type of questions
d. Neither field answers questions

 

Which of the following best describes the key skills and
tools that differ between data analytics and data science?

a. Both require the same set of skills and tools
b. Only data analytics requires programming skills
c. Data science often utilizes machine learning and data

mining, while data analytics usually does not
d. Data analytics often utilizes machine learning and data

mining, while data science usually does not

 

According to the text, what role does data analytics play in
businesses?

a. It has no significant role
b. It acts like the compass, guiding businesses with evidence-

based strategies
c. It is only used for processing customer feedback
d. It's primarily used for data protection

 



10. How does data analytics help businesses in terms of
consumer feedback?

a. It converts consumer feedback into profitable insights
b. It allows businesses to ignore consumer feedback
c. It has no impact on consumer feedback
d. It turns consumer feedback into a source of data protection

 

Answers
1 - b 2 – a 3 - c 4 – c 5 - c

6 - b 7 – a 8 – c 9 – b 10 - a

 

 

 



Chapter Summary

⬧ Data analytics involves the collection, pre-processing,
transformation, modeling, and interpretation of data to draw
conclusions, predict future trends, and guide decision-
making. Particularly in the current digital era, data analytics
provides important insights that are essential for business
growth.

⬧ The process of data analytics comprises five stages:
identifying, collecting, cleaning, analyzing, and interpreting
data. It's a cyclical and evolving process, using various tools
like spreadsheets, R, Python, RapidMiner, Hadoop, Spark,
Tableau, and KNIME.

⬧ Data analytics and data science, while both dealing with data,
have distinct focuses and applications. Data analytics is about
analyzing data to answer specific questions and the role of
data science is broader, often utilizing machine learning
algorithms and data mining activities.

⬧ Data analytics helps drive business growth by providing
valuable insights, the importance of data analytics in this
digital era being poised to grow further.

⬧ The story of modern data analytics started to form in the mid-
20th century with the advent of computers, structured data,
canned reports, and relational databases that democratized
data access.



⬧ The internet era brought revolutionary change, with Google's
search engine capable of processing and analyzing big data in
distributed computers. The early 2010s saw the rise of cloud-
based data warehouses, further democratizing access to big
data analysis.

⬧ While data science and data analytics both work with data,
data science plays a larger role, while data analytics
concentrates on providing answers to particular problems.

⬧ Data analytics is based on four main types of analytics:
prescriptive (what should be done about it), predictive (what
might happen), diagnostic (the reason for its happening), and
descriptive (what has happened).

⬧ Some key concepts of data analytics include the four types of
data analytics, respectively descriptive, diagnostic, predictive,
and prescriptive, the term 'big data' and 'data literacy'.

 

 



Chapter 2
 

 

 

 

 

DATA COLLECTION AND
MANAGEMENT

Data analytics, the science of interpreting raw data to extract
meaningful insights, is crucial in our increasingly data-centric
world. At its heart lies the process of data collection and
management, the focus of this pivotal chapter. A journey of
discovery, beginning with the diverse sources of data and the
various types of data, lays the groundwork for understanding the
complex tapestry of information we work with. Building on this,
we delve into the crucial process of data preprocessing, which
ensures data integrity and usability. Finally, we explore the
principles and technologies underpinning data storage and
retrieval, equipping you to effectively manage and utilize the data
in your analytic pursuits.
 

Key learning objectives should include the reader’s understanding
of the following:

Planning for data collection
Classification of sources of data into internal and external at
a company level
Common categories of sources of data
Various types of data: quantitative and qualitative, primary
and secondary, structured and unstructured



Data preprocessing and its importance in data analytics
Data storage and retrieval and its importance in data
analytics

2.1: Planning for Data Collec�on
Planning for data collection involves taking into account the
following fundamental factors to guarantee the validity and
reliability of the data to be gathered and analyzed: the purpose of
the data collection, the methodology, the resources, and the timing
of the data collection.30 Figure 2.1 depicts the four key
considerations for data collection.

 

Figure 2.1 Key considerations when planning for data collection

Source: Barrech, K. et al. 2020. IOM Monitoring and Evaluation
Guidelines. International Organization for Migration (IOM), Geneva.
ISBN 978-92-9268-016-9.

 



Regarding investigating the purpose for data collection, the
following questions should be asked31:

● Is the data being collected for evaluation or monitoring
purposes?

● What information is most important?
● What are the goals, results, products, and tasks that are being

watched over or assessed?
● What long-term and intermediate-term outcomes are

anticipated?
● Which informational requirements from the stakeholders

will the data meet?
 

When considering methodologies and methods for data collection,
it's crucial to address several aspects such as:

● Identifying the data source
● Determining the frequency of data collection
● Understanding how the data will be measured
● Deciding who will collect the data
● Choosing the right methodology to design the appropriate

data collection tools
 

Furthermore, it is also essential to :
● Define the criteria and questions addressed by the data

collection tools.
● Identify the type of data necessary to meet the information

needs.
● Determine if multiple data sources are required.
● Recognize existing data types.
● Identify any missing data.
● Ensure the measures for data collection are both valid and

reliable.
● Decide if a structured or semi-structured approach will be

employed.



● Determine the appropriate sampling approach for
monitoring or evaluation.

Resources are crucial for the execution of data collection. One of the
key considerations is to assess if sufficient staff and budget are
available for data collection32. Finally, the usefulness of the data and
the resources' availability may be impacted by timing. It is important
to prevent the outdating of data.

2.2: Sources of Data
Data has become an essential component in the digital age,
intimately intertwined into the fabric of our lives and of enterprises.
A dense informational network is created with each interaction,
click, and passing second. This large collection of data, which
consists of structured, semi-structured, and unstructured
information, acts as a crucial reservoir, triggering important insights
and decisions in a variety of businesses. 33

 

It's not simple to categorize these enormous data sources, but let's
break it down. Data is categorized as either internal or external in
the business world. Internal data, which contains crucial information
on operations, transactions, and other departmental insights like
sales, finance, and HR, is the lifeblood of your business. On the other
hand, external data is like the oxygen that keeps your business alive;
it is derived from a variety of sources like censuses, social media,
and economic indicators.

There are a wide variety of data sources available. We may divide
them into several separate groups, each of which exhibits particular



characteristics and calls for a particular set of analytical techniques.
These key categories include, among others:

 

Business data: This comprises extensive information about your
clients, sales, inventories, and other things. Usually, relational
databases or data warehouses hold these details. Such data promote
effective analysis because they are well-organized34.

 

Web and social media data: This is the data from websites, social
media platforms, and online forums. In the modern, digitally
interconnected world, interactions across these platforms
considerably add to the overall data pool. Processing and analyzing
this data, which is frequently semi-structured or unstructured, calls
for sophisticated tools and methods.

 

Sensor data: As a result of the Internet of Things (IoT) revolution,
sensors are generating data in real-time at an astounding rate.
Industries including healthcare, manufacturing, and transportation
eagerly assimilate this data.35 A high-level view of a typical IoT
architecture that shows the data flow is given in Fig. 2.2.

 

Fig.2.2      Internet of Things (IoT) architecture



Source: Teh, H.Y., Kempa-Liehr, A.W., Wang, K.I.-K. 2020. Sensor
data quality: a systematic review. Journal of Big Data, (2020) 7:11.
DOI: h�ps://doi.org/10.1186/s40537-020-0285-1.

 

A physical sensor measures and gathers data at the Perception layer,
such as a temperature or humidity sensor. After that, the readings
are sent via the network layer, which uses wireless technologies like
WiFi, 2G, 3G, 4G, Bluetooth, and LoRa to decide which routes to
transport the sensor data36. After data is received from the network
layer, it is processed, stored, and subjected to predictive analytics37

in the Application layer. Spark, Ka�a, Apache Hadoop, and other
big data architectures are used in the design and implementation of
the application layer.

Publicly available data: Such data are routinely made available by
governments, academic institutions, and other entities. This wide
variety of data, which includes everything from census information
to weather reports, is a valuable resource for scholars and data
analysts.38

 



Big data: This term refers to data sets that are so large or intricate
that conventional data processing techniques fail. Such datasets can
include both structured and unstructured data and are quickly
generated from a variety of sources, including social media feeds,
weblogs, or artificial data.39

 

Did you know that there is an
amazing amount of data created on
the internet every minute? For
example, in 2021, people tweeted
575,000 times and posted 167 million
videos on TikTok!40

 

As a whole, the field of data sources for analytics is both diverse and
fascinating. When analysts and data scientists use these numerous
sources, the result is a plethora of deeper insights that drive
innovation and decision-making in a variety of industries. These
data sources have a lot of promise for major insights and
information, despite the storage and processing difficulties they
pose, which can lead to groundbreaking discoveries.

2.3: Types of Data
It is crucial that we become familiar with the data classifications as
we start our research of the large field of data analytics. In
data analytics, there are primarily two categories of data:
quantitative and qualitative.



 

Quantitative data: Numerical data that can be quickly measured,
analyzed, and visually displayed is referred to as quantitative data.
Examples of this structured data type include the number of visitors
to a website or the local temperature. These numbers can also be
divided into discrete or continuous data. Continuous data, like
temperature measurements, can take on any value within a certain
range. Contrarily, discrete data consists of certain numerical values,
such as the number of people in a certain space.

 

Qualitative data: Contrary to its quantitative counterpart, qualitative
data is either unstructured or semi-structured. Text, photos, audio,
and video all fall under this type of data. Examples of this kind of
content include customer reviews on e-commerce websites or
pictures uploaded to social networking sites. Although measuring
and analyzing qualitative data has historically been difficult,
advances in big data technologies and machine learning methods
have significantly increased our capacity to extract valuable insights
from such data.41

 

When exploring data analytics,
keep in mind that the tools and
methods you use should be
appropriate for the type of data
you are working with. A
deliberate combination will
improve the precision and



applicability of your insights
while also streamlining the
analytical process.

 

Data can also be categorized as primary or secondary. Primary data
is unprocessed information that is received straight from the source,
such as survey results from customers. In contrast, secondary data is
information that has been processed and is typically derived from
primary data, such as produced reports.

 

The data landscape has undergone tremendous change as a result of
big data. Large datasets that can't be effectively processed by
traditional data processing techniques are referred to as "big data."
Social media sites, Internet of Things (IoT) devices, and machine logs
are just a few examples of the sources from which this data may
come. Big data analysis offers priceless insights that can improve
decision-making procedures42.

Data can also take the form of cross-sectional data, which is
collected at a certain time, time-series data, where each data point is
associated with a particular timestamp, or pooled data, which
combines cross-sectional and time-series data.

 

Finally, structured and unstructured forms of data can be
distinguished. Unstructured data includes material like social media
posts or articles and is less ordered than structured data, which is
found in traditional databases.



 

Understanding the various data types represents an initial but
crucial phase in the data analytics process. The ultimate goal of such
an a�empt is to make it possible to provide precise predictions,
make educated decisions, and finally provide a significant benefit to
enterprises or research operations. The steps taken to achieve this
objective can be seen as a journey that gradually reveals the data
analytics' complexity and simplifies the ideas into understandable
parts.

 

2.4: Data Preprocessing
The old phrase "data is the new gold" is becoming more and more
true as the digital era develops. Raw data does not, however,
immediately offer the value it may possess, just like unprocessed
gold. A key step in realizing this potential is data preprocessing,
which is a group of techniques, like missing value imputation and
outlier elimination, for improving the raw data quality.43

The data must be compatible with the requirements of the
intended data analysis procedures. This process is known as data
transformation. In addition to dealing with dataset transformation
and data preparation, data preprocessing also aims to increase the
effectiveness of knowledge discovery44.

 

Data preprocessing consists of four main tasks: – the task of data
cleaning, integration, transformation, and t reduction.



 

Data cleaning entails locating and fixing errors within a dataset to
guarantee that the information used in the analysis is free of noise
(that data which the analyst chooses not to fit, with the assumption
that there is a model that explains the rest of the data45), free of
outliers (questionable observations or measurements because they
deviate significantly from the vast majority of the observations in
size or number46), free of incomplete records, and inconsistent
data.47 To find these errors, many methods including data
validation, data screening, and data diagnosis are used. De-
duplication is also an important stage because it gets rid of
redundant data. Depending on the situation and the required
standards of data quality, the management of missing data and
outliers is also handled, either by imputation or exclusion.

 

Especially for big data, several cleansing methods have been
designed over the years. Some of the most famous ones are given in
Table 2.1.

 

Table 2.1 Data cleansing methods for big data

Methods Key
Features

Execution
Method

Approach

Cleanix Scalability,
unification,
and usability

Parallel Rule selection

SCARE Scalability Parallel Machine



learning
technique

KATARA Easy
specification,
pa�ern
validation,
data
annotation

Sequential Knowledge-
base and
crowdsourcing

BigDansing Efficiency,
scalability,
and ease of
use

Parallel Rule
specification

Source:      Ridzuan, F., Zainon, W.M.N.W. 2019. A Review on Data
Cleansing Methods for Big Data. Procedia Computer Science 161
(2019) 731-738. 10.1016/j.procs.2019.11.177.

 

Well-organized datasets have a distinct structure and are simple to
work with, analyze, and visualize.48 Next, we have data integration, 
which is  the process of merging data from various sources into a 
single view. This is done to guarantee effective data management, 
produce insightful discoveries, and produce actionable intelligence. 
Data ingestion is the first step in the data integration process, which 
also involves steps like cleansing, ETL (Extract, Transform, Load) 
mapping, and transformation. This procedure ultimately enables 
analytical tools to produce effective business intelligence. 
 



For example, in the field of biological research, data integration
involves sharing data, integrating it, and labeling it to ensure
repeatability of analysis and interpretation of experimental
results.49.This process is crucial in genomics since it calls for the
integration of massive datasets from multiple domains.

 
Data transformation, a critical component of preprocessing, may 
comprise actions like standardizing data scales, encoding categorical 
data, and creating new predictive features from  the already existing 
ones through feature engineering50. Data transformation is vital in a
data-driven company, aiding in increasing revenue, improving
customer service, enhancing operating efficiencies, and boosting
profitability51.

 

In data analytics, the term data reduction refers to the act of
simplifying, reducing, or otherwise transforming huge, complex
datasets into a more manageable and comprehendible form with
minimal information loss. It is a crucial phase in the processing and
analysis of data since it reduces storage needs, increases efficiency,
and gets rid of redundant information52. It helps data analysts and
scientists make sense of the data and extract valuable insights
efficiently.

 

Overall, data preprocessing supports the dependability and
robustness of the results of the subsequent data analytics, just like a
solid foundation supports the stability of a home, and it is a
fundamental phase in data analysis that enables the efficient and



useful use of data. It plays a crucial part in data-driven decision-
making by assisting in the optimization of the data's structure and
quality, ensuring that it is prepared for additional analytical
procedures.

2.5: Data Storage and Retrieval
The amount of data collected and used on a daily basis in our
increasingly digital world is growing at an unheard-of rate, from the
moment we get up to the moment we go to bed. The data generated,
whether it is from using digital assistants like Alexa or engaging
with material on different social media platforms, is managed,
stored, and retrieved as necessary rather than existing aimlessly.
This process is the foundation of data analytics,53.

 

We can compare data storage and retrieval to a vast digital library to
be�er grasp the complexities involved. But instead of actual books,
this library is made up of bits and bytes that are orderly placed on
digital shelves and are available whenever needed. The methods
used to store these "digital books" are primarily determined by the
type of information being gathered54.

 

For instance, administrative functions frequently use manual
methods to collect data, whereas modern facilities typically rely on
automated or semi-automated technologies. Similar comparisons
might be made between this and a humanly operated book



recording system in an antiquated library and an automated system
in a modern library.

 

The core idea of the digital library is the same whether it's a physical
book or an electronic book: the material must be kept in a systematic
way to make retrieval easy. Storage systems must be able to manage
a wide variety of data formats in the context of data analytics, from
straightforward text files and intricately structured databases to a
sizable amount of unstructured text data found on websites and
social media platforms55. As a result, in order to accommodate the
various "genres" of data we acquire, our data storage system needs
to be both extensive and flexible.

 

Our capacity for data storage should grow along with the flood of
data. Data storage technologies, such as networked computer
systems, disk storage, data storage, and retrieval software56, must be
continually invested in as a result. Data retrieval is a strategic game
of hide-and-seek run by storage engines. These engines may be
tailored for transactional workloads or analytics, but what sets them
apart is their speedy access to and retrieval of stored data.

 

Consider as an example a company
that analyzes social media data to
detect new fashion trends. Utilizing
sophisticated algorithms, it combs
through a vast number of posts daily.



Their data is organized in a layered
storage system, categorized by
fashion types and further divided by
apparel, accessories, colors, and
public sentiment. When a trend, such
as “chunky sneakers”, surges in
mentions, their retrieval system
efficiently locates all related mentions
across various social media
platforms, distinguishing between
different types of references, from
tweets to detailed blog reviews or
Instagram images.

 

Although the procedures for storing and retrieving data may appear
complicated, they are essential to data analytics. Effective data
storage and retrieval systems help businesses and organizations
harness the power of data to extract insights and make educated
decisions57, just like a well-organized library facilitates the spread of
knowledge. It's important to understand the complicated trip each
bit and byte takes from generation to storage and then retrieval as
we go deeper into the world of data analytics.

 



1.

2.

3.

Quiz

What is the analogy used to describe internal data in a
corporate sphere?

a. The brain of the company
b. The lungs of the company
c. The lifeblood of the company
d. The skeleton of the company

 

What are the characteristics of business data?

a. Highly unorganized, making analysis complex
b. Very organized, making analysis difficult
c. Very organized, making analysis easy
d. Moderately organized, making analysis moderate

 

What is a defining feature of big data?

a. It refers to small, manageable datasets.
b. It refers to data so vast that conventional data processing

technologies can handle it easily.
c. It refers to data so vast that conventional data processing

technologies struggle with it.
d. It refers only to structured data.

 



4.

5.

6.

7.

Which category of data includes numbers and quantities, and
can be easily measured, analyzed, and visualized?

a. Primary data
b. Secondary data
c. Quantitative data
d. Qualitative data

 

What is a key characteristic of qualitative data?

a. It includes text, images, audio, and video.
b. It can take any value within a given range.
c. It can only take certain values.
d. It includes numbers and quantities.

 

What is the distinction between primary and secondary data?

a. Primary data is processed, while secondary data is raw.
b. Primary data is collected directly from the source, while

secondary data is processed data.
c. Primary data includes numbers, while secondary data

includes text.
d. Primary data can be visualized, while secondary data can't

be visualized.

 

What type of data is defined as extremely large datasets that
traditional data processing tools cannot handle?



8.

9.

10.

a. Time-series data
b. Big data
c. Pooled data
d. Cross-sectional data

 

Which data type resides in traditional databases and is
highly organized?

a. Primary data
b. Secondary data
c. Unstructured data
d. Structured data

 

What are some techniques involved in detecting errors
during the data cleaning process?

a. Data integration and feature selection
b. Data validation, data screening, and data diagnosing
c. Data transformation and feature engineering
d. Data analysis and data presentation

 

What does de-duplication in data cleaning refer to?

a. Standardizing data scales
b. Dealing with missing data and outliers
c. Removing unnecessary duplicate data
d. Encoding categorical data



 

Answers
1 – c 2 – c 3 - c 4 – c 5 - a

6 - b 7 – b 8 – d 9 – b 10 - c

 

 

 



Chapter Summary

⬧ Several key considerations must be taken into account in
regard to planning for data collection such as purpose for data
collection, methodology and methods for data collection,
resources for data collection, and timing for data collection.

⬧ Data sources can be classified into many categories, for
example internal and external, where internal data pertains to
company operations and transactions, and external data
comes from diverse sources like censuses, social media, and
economic indicators.

⬧ There are some other categories of data sources such as
business data, web and social media data, sensor data,
publicly available data, and big data.

⬧ There are various types of data dealt with in analytics,
including quantitative data, qualitative data, primary and
secondary data, and structured and unstructured data.

⬧ Big data can offer valuable insights for decision-making
processes. Furthermore, the evolving capabilities in handling
unstructured or semi-structured data like text, images, audio,
and video have been pointed out, facilitated by advancements
in machine learning and big data.

⬧ Data preprocessing is the transformation of raw data into a
suitable format for analysis. It includes data cleaning, data
integration, data transformation, and data reduction.



⬧ The process of data storage and retrieval is intricate: we can
imagine an immense library where data 'books' are stored
systematically to be easily retrieved when needed.

⬧ The adaptability and robustness of data storage systems are
important and they necessitate continual investment in
technology, including networked computer systems, disk
storage, and data storage/retrieval software, with a strong
emphasis on security, archiving, and restoration systems.

 
 

 



Chapter 3
 

 

 

 

 

TYPES OF DATA ANALYTICS
Data analytics, an essential tool in today's digital age, allows us to
process vast amounts of information and extract insightful
knowledge. In this chapter, we'll explore the four primary types of
data analytics: descriptive, inferential, predictive, and prescriptive.
Just like a skilled storyteller, each type paints a different part of the
picture.
 

The key learning objective is to understand more about the four
types of data analytics:

Descriptive analytics which tells us what happened,
Inferential analytics which offers insights on a larger
population from a sample,
Predictive analytics which forecasts what might happen in
the future, and
Prescriptive analytics which advises us on the course of
action to take.

 

 

By understanding and applying these analytics types, we can
navigate our complex business landscapes more effectively. We can



utilize these to not only address our present scenarios but also
anticipate the future and strategize accordingly58. So, brace
yourselves as we step into the realm of the different types of data
analytics, allowing it to illuminate our path and guide our decision-
making.

3.1: Descrip�ve Analy�cs
"What happened?" is one of the fundamental questions we ask in our
journey of understanding. This is where descriptive analytics, the
foundation of all types of data analytics, comes into play.

 

The heartbeat of descriptive analytics is its ability to transform raw
data into useful insights about past events. Whether it's a scientist
piecing together research data or a business leader reviewing a
quarter's sales, descriptive analytics offers a lens through which we
can view and make sense of our world59.

 

Consider a graph that shows the sales trend of a product over a year.
What you are seeing is descriptive analytics in action! It uses
statistical summaries to present an accurate picture of past events
and trends, se�ing the stage for other types of data analysis -
predictive and prescriptive60.

 

The real value of descriptive analytics, however, isn't just in looking
back. Businesses, for instance, leverage it to inform strategies, drive
decision-making, and ultimately improve performance61. It gives the 



context or  the starting point from which other analytics techniques 
can build their predictions and prescriptions.
 
Unlike predictive analytics, descriptive analytics does not have a 
target variable. As a result, unsupervised learning is another name 
for descriptive analytics. Let's talk about the process. Descriptive 
analytics leverages different techniques and tools,  including data 
categorization techniques such as hierarchical and non-hierarchical 
clustering algorithms and their variations, as well as association rule 
mining and sequence rule mining62.

 

Data mining is a process that helps identify pa�erns and
relationships in large datasets. The most important and well-known
data mining technique is association rule mining. This technique's
main goal is to uncover interesting relationships or shared pa�erns
between sets of objects from relational or transactional databases.

 

For example, if you have already bought a product, it is more likely
that you will want to buy another product from the same category
and not a product from a totally different category. Thus, purchasing
a product from the same category with another product already
purchased exemplifies an association rule.59 Classification,
telecommunications, clustering, market basket analysis, cross-
marketing, loss-leader, catalog design, and other domains are among
the many areas where association rule mining is frequently
employed. The rules produced by association rule mining from the
different application data can be used to learn new things. Some



applications of association rule mining are medical treatments,
weblog click streams, and customer shopping sequences.

 

There are two main techniques for mining association rules: the
Apriori algorithm and the FP-Growth algorithm. From the massive
transactional database, the apriori algorithm is used to extract
frequently occurring item sets. It is the most effective algorithm for
examining the objects' hidden relationships. An Apriori follows a
bo�om-up methodology63.

 

The Frequent Pa�ern Growth algorithm is another name for the FP-
Growth algorithm. It's an extra method of determining the most
common item sets without having to create a candidate itemset. FP
growth outpaces the Apriori method used for association rule
mining. Every element in this algorithm is stored in a tree structure.
The FP-Growth algorithm is used to mine the association rules in
two phases. Firstly, it creates an FP-tree, a dense data structure.
Second, it takes the frequent itemsets straight out of the FP-tree.

 

The other main type of data mining is sequence rules mining. A
subsequence of many database sequences is known as sequential
rule mining. It is used to track things like what a customer has
purchased from a store, how they have visited websites over time,
phone call pa�erns, patient medical care, DNA sequences, and more.

 



Table 3.1 illustrates how data is represented in sequence rule mining.
Suppose here are four sequences: S1, S2, S3, and S4, which are called
the IDs in the table. The ID (S1, S2, S3, S4) is a pa�ern of the order in
which the web pages are viewed. Some of the e-commerce URLs that
customers view are a, b, c, d, e, f, g, and h. Suppose a stands for the
homepage, b for electronics, c for a mobile page, d for a Samsung
mobile, e stands for a mobile cover, f stands for the shopping basket,
g for the order confirmation, and h for the option to continue
shopping.

 

Table 3.1 Items with their sequences

ID Sequences

S1 {a, c}, {d}, {g}, {f}

S2 {a, f}, {c}, {e, d, f, g}

S3 {e}, {a}, {g}, {c}

S4 {e, f, g}, {a}

Source: Sheik A. A., Selvakumar, S., Ramya, C. 2017. Descriptive
Analytics. Volume: Applying Predictive Analytics Within the Service
Sector. IGI Global book series Advances in Business Information
Systems and Analytics (ABISA). ISSN: 2327-3275; eISSN: 2327-3283.

 

Some applications for sequence rule mining are quality assurance,
prefetching web pages, analyzing customer behavior, embedded
systems, and e-learning64.



 

Clustering, on the other hand, groups similar data points, allowing
us to understand customer behaviors or other phenomena in a
segmented way65. The most significant challenge with unsupervised
learning is clustering.61 It does not employ the class label to identify
the relevant structure among the dataset's components, the class
labels being usually words that are given numerical values before
being implemented in an algorithm. The goal of clustering is to put
related objects together to form groups. The Manha�an, Euclidean,
and Minkowski distances are the primary methods used to
determine the items' similarities and differences.

 

The term "similarity" refers to the degree of similarity between
things. The similarity measure is high when the distance is minimal.
Conversely, when the distance is large, the similarity measure is
li�le. The scale used to determine similarity is 0 to 1. The maximum
degree of similarity exists within the cluster, while the maximum
degree of dissimilarity exists between the clusters (lowest degree of
similarity between the clusters).

 

Clustering can be hierarchical and non-hierarchical. Figure 3.1
illustrates the different types of clustering.

 
Figure 3.1 Different types of clustering



Source: Sheik A. A., Selvakumar, S., Ramya, C. 2017. Descriptive
Analytics. Volume: Applying Predictive Analytics Within the Service
Sector. IGI Global book series Advances in Business Information
Systems and Analytics (ABISA). ISSN: 2327-3275; eISSN: 2327-3283.

 

Now, the beauty of descriptive analytics is its flexibility. It's like a
Swiss army knife; you can use it in any industry. For instance, in
healthcare, it can track disease trends, while in retail, it can highlight
the most popular products. Every sector, every company, and even
every individual can use descriptive analytics to gain insights into
the past to prepare for the future.

 

Keep it visual! Summarizing
historical data is the core of
descriptive analytics, and there's no
be�er way to convey your results
than with clear, concise visuals. Turn
complicated data sets into stories that
are easily understood at a glance by
using graphs, charts, and dashboards.
Pictures can tell you more about



client behavior pa�erns and sales
trends than thousands of
spreadsheets can!

 

As we continue exploring descriptive analytics, remember this - it's
not just about examining the past. It's about extracting insights that
will help us navigate the present and predict the future. It's our first
step in turning raw data into useful knowledge.

3.2: Inferen�al Analy�cs
Imagine you're a detective, but instead of solving crimes, you solve
mysteries buried deep within chunks of data. This is the fascinating
world of inferential analytics!

 

Inferential analytics, also known as inferential statistics, is a type of
statistical analysis that uncovers hidden stories within data. It
doesn't just describe the data in front of us, as in descriptive
statistics; it goes beyond the present and makes educated predictions
about larger data sets based on a smaller sample66. Picture this:
you've gathered SAT scores from a few high school juniors in the
U.S., and you're looking to infer the average SAT score of all 11th
graders in the country. Or perhaps, you're investigating the
relationship between SAT scores and family income. In both these
scenarios, inferential analytics is your best tool!

 



Inferential statistics uses probability to form these educated
predictions67. Think about weather forecasts, which predict future
weather conditions based on present and past data. We don't have
data for tomorrow's weather today, but we can infer it using
sophisticated statistical methods.

 

One essential aspect of inferential analytics is the use of sample data,
which represents a smaller section of the larger population. Why not
study the entire population, you may wonder? It's simpler, less time-
consuming, and more cost-effective! Sampling needs to be random
and unbiased for the results to be valid68. As such, the careful
selection of the sample and ensuring its representativeness of the
larger population is vital.

 

Inferential analytics can be applied to the following types of data
sets: cross-sectional time studies, retrospective data sets, and
observational data sets69.

 

In agriculture, inferential analytics
has the potential to be revolutionary!
Farmers can use sample data from a
small crop area to estimate the overall
health and prospective production of
the farm. Precision agriculture is a
method that makes farming more
effective by using statistical models to



forecast which regions would require
more water, fertilizer, or insect
control70.

 

But like any exciting adventure, the journey through inferential
analytics is also fraught with risks! Before delving into these risks,
let’s revise the concept of the hypothesis. A hypothesis is an
educated guess about anything from your surroundings and it ought
to be verifiable through observation or experimentation71.

 

For example, there are two main types of inferential errors,
corresponding to the situations in which we accept or not (on a
correct ground or not) the alternative hypothesis which is a
statement that contradicts or challenges the default assumption.
Think of these errors as false alarms and missed opportunities,
respectively. These types of errors are as follows:72

● Type I error, where we accept an alternative hypothesis
when we shouldn't have, and

● Type II error, where we reject an alternative hypothesis when
we should have accepted it.

 

The most popular inferential statistical techniques are regression,
chi-square, t-test, analysis of variance (ANOVA), and time series73.

 

The t-test, often called the student's t-test, is a technique that's
frequently used to evaluate a hypothesis in comparison to means or
averages between the groups.69 There are two types of T-tests: the



directional or one-tailed test and the non-directional or two-tailed
test. To comprehend the statistical differences between the means of
the two groups, a non-directional or two-tailed test is utilized. The
directional or one-tailed test, on the other hand, establishes if the
mean of one group is statistically greater than the other. In
summary, a t-test can be used to compare the means of two
independent or dependent samples, to find the confidence interval
for the sample mean, and to compare the sample mean value with
the assumed mean. It should be mentioned that the purpose of this
test is to test hypotheses.

 

Analysis of Variance (ANOVA): Multiple t-test results are equivalent
to those of an ANOVA. As a result, this approach may be more
effective and reduce the probability of erroneous results in addition
to the decrease of the experiment-wise error. It can also handle
problems with the validity of the intricate statistical result that is
reached through the application of several t-tests. 74

 

Chi-square analysis is used to find correlations between two
variables' categories. These two categorical variables come from the
same population. Since this method is merely a test of proportions, it
can only be used for nominal and ordinal data, unlike the other
inferential tools that have been mentioned, which may be applied to
interval and ratio data as well74.

 

Regression analysis uses the values of one or more independent
variables to forecast a dependent variable's value. As a result, this



statistical method is similar to a correlation which shows the
relationship between variables. Based on the main predictive object
in regression, they differ, though. Estimating the likelihood and
degree of anticipating the onset of particular criteria using a set of
hypothesized risk factors is a significant use of regression analysis75.

 

There are simple and multiple regressions. While multiple
regressions may employ multiple independent variables to estimate
and identify the dependent variable, the simple method just uses
one76.

 

Time series analysis can be used to examine variables that are
constantly changing with respect to time. It works well with
longitudinal research designs. In these systems, single units or
objects are repeatedly calculated using vast numbers of observations
at regular intervals. In many cases where the time series compares
many points in a single series, regression is utilized to examine the
connection between time series77.

 

As we've discovered, inferential analytics is a powerful tool that
unlocks the secrets within data. It helps us make sense of the world
around us, even when we only have a fraction of the data. Next time
you see a weather forecast or read a study about population trends,
remember the crucial role of inferential analytics!

3.3: Predic�ve Analy�cs



Imagine being able to foresee the future — not in a supernatural way
but using the power of data. Welcome to the fascinating world of
predictive analytics! This discipline, at the intersection of statistics,
machine learning, and business intelligence, offers us a scientific
glimpse into the future by analyzing current and historical data78.

 

Predictive analytics is akin to a digital fortune-teller. It leverages a
variety of techniques ranging from data mining to statistical
modeling and machine learning to predict future outcomes based on
historical and current data. It's akin to pu�ing together a jigsaw
puzzle where the pieces are the past and present data, and the
completed image represents the future.

 

From healthcare to finance, predictive analytics is transforming
industries. In healthcare, predictive analytics can forecast patient
health outcomes and improve service management. In business, it
can anticipate customer behavior, optimize marketing strategies, and
maximize profit. No ma�er the sector, predictive analytics provides
the power to navigate future uncertainties with confidence and
precision.

 

Did you know that data analytics can
forecast the popularity of songs?
That's accurate! Through the analysis
of beats, pace, lyrics, and even
danceability, data analysts are able to



predict which songs will top the
charts with a remarkable degree of
accuracy.

 

The process of predictive analytics begins with defining objectives
and gathering data. This data is then cleaned, analyzed, and used to
develop predictive models. These models can give a score indicating
the likelihood of a certain event's occurrence. The higher the score,
the greater the likelihood of that event occurring79. These models use
historical and transactional data trends to uncover solutions to a
wide range of scientific and business problems. These models are
useful for determining the risks and opportunities that each
individual client, employee, or manager of a company faces.
Predictive analytics models have dominated as decision-support
solutions have drawn more a�ention.

 

Let's imagine a retail company called XYZ. Predictive analytics can
help analyze past sales, product preferences, and consumer behavior
data to anticipate future buying pa�erns. This knowledge can guide
strategies for product development, inventory management, and
personalized marketing, making the business more proactive and
efficient. 74

 

The corporation uses the internet to manage its global retail
business, selling a range of goods. Millions of customers look for
products they want on the XYZ website. They search for the



product's features, cost, and any available deals on the XYZ website.
Many products have seasonal fluctuations in their sales. For
instance, demand for geysers grows in the winter and air
conditioners in the summer. Customers look for products based on
the season. Here, the XYZ Company will gather all of the search
information from clients regarding which products they are
interested in purchasing throughout which seasons, the range of
prices that a particular customer is willing to pay,how incentives on
a product draw in customers, and what additional goods do
consumers purchase in addition to a single item. Based on the
gathered data, XYZ Company will utilize analytics to determine the
needs of the client. It will determine which kind of advice will draw
in each specific customer before contacting them via emails and
messages. They will inform the client that the products they have on
their website are eligible for this kind of offer.

 

The business will offer the other products that have been sold in
combination to other consumers if the customer returns to the
website to purchase that particular product. If a consumer begins
making purchases on a regular basis, the business may lower the
offer or raise the price for that specific customer80. Predictive
analytics has many more uses than this one; this is only an example.

 

Predictive analytics uses both historical and present data. The
predictive analytics process is depicted in Figure 3.2, which is
provided below.

 



Figure 3.2 Predictive Analytics Process

Source: Kumar, V. 2018. Predictive Analytics: A Review of Trends
and Techniques. International Journal of Computer Applications
182(1):31-37, DOI: 10.5120/ijca2018917434.

 

It is necessary to establish the purpose of prediction before
developing a predictive model. It is important to identify the kind of
knowledge that will be acquired through the forecast. A
pharmaceutical corporation, for instance, would like to know the
anticipated sales of a drug in a specific area in order to prevent the
drug's expiration. Once the analyst is aware of the needs of the client
company, they will gather the datasets—which could come from
several sources—needed to create the predictive model. Data
analysts prepare the gathered information for analysis. In this
process of data analysis and massaging, the unstructured data is
transformed into a structured format81.

 



There are numerous statistical and machine learning techniques
used in the predictive analytics process. Regression analysis and
probability theory are the two most significant methods that are
frequently employed in analytics. Using the example dataset and
statistical and machine learning methods, a model is created during
the predictive modeling phase. The model is implemented for
regular forecasts and decision-making at the client's site following
the completion of successful prediction testing.

 

With predictive analytics, we can navigate the path ahead with the
foresight of data on our side. So, let's harness the power of predictive
analytics and design a more certain and successful future.

3.4: Prescrip�ve Analy�cs
When we leapfrog from the familiar ground of descriptive,
inferential, and predictive analytics, we touch the less charted
territory of prescriptive analytics. While the former types give us a
"rearview mirror" perspective of what happened and why, or what
could happen, prescriptive analytics is our magic compass, guiding
us to the best future decisions82.

 

Fundamentally, prescriptive analytics is selecting the best option or
result from a range of options based on already-known parameters.
Just think of it as a wise old sage, providing you with advice on how
to maneuver through life’s complex challenges based on knowledge,



foresight, and wisdom. But instead of using life experience, this sage
employs powerful algorithms and machine learning.

 

From healthcare to supply chain management, prescriptive analytics
is leaving its footprints. In healthcare, it transforms the "one-size-fits-
all" medical decision-making model, offering proactive decisions
tailored to individual patients' needs83. In business, it helps predict
and mitigate risks, optimize resources, and enhance customer
satisfaction, ensuring be�er decision-making and business
performance improvement84.

 

Digging a li�le deeper, we can imagine prescriptive analytics as a
three-step ladder. At the first rung, we have the design of the system.
This involves modeling real-world problems into a computational
framework. Then, we ascend to the second rung, where we develop
alternatives to transform possibilities into viable options85. Climbing
to the final rung, we generate decision sets using sophisticated
evolutionary algorithms to convert options into solutions, and then
execute these decisions for real-world impact.

 

As magical as it sounds, achieving prescriptive analytics mastery
requires patience and hard work. It won't happen at the push of a
bu�on. Organizations must go through the stages of descriptive,
inferential, and predictive analytics and mature through them before
they can reach this stage.

 



Company executives must take the lead to drive initiatives and
recognize the benefits of prescriptive analytics. Prescriptive efforts
may be avoided by many because they think the IT department
should be in charge of them, because they are too complicated to
show an acceptable return on investment (ROI), or because they
think other sophisticated analytics projects should come first. But
those whotake the initiative to properly educate themselves on the
category will be the ones who succeed86.

 

Heuristics (rules) and exact algorithms are the two types of
algorithms available in the prescriptive analytics sector. 83

 

Heuristics are approaches to problem solving that can usually find a
workable, reasonably good solution quite rapidly. The heuristics are
empirically examined, and conclusions regarding the heuristic's
quality can be drawn from these studies. Due to their speed and
capacity for handling huge cases, heuristics are frequently employed
in the solution of real-world issues87. The best solution is not always
guaranteed by heuristic algorithms. When properly constructed,
they can provide a quick and efficient way to locate quality solutions
in a fair amount of time.

 

Exact algorithms ensure that the optimal answer is obtained. Such
exact methods need to employ more advanced strategies. On the
other hand, for challenging situations, the time required to find the
optimal solution may grow exponentially in relation to the problem's
size.



 

Any method intended to determine the optimal solution
(optimization) needs to make use of a computer algorithm built
upon a tried-and-true scientific methodology. The same
mathematical proof is not necessary for a technique (heuristics) that
is solely focused on locating a good answer. It's impossible to
determine if a given heuristic would get the best result.

 

Prescriptive analytics solutions have to rely on rules or optimization
by definition. While less frequent, it is conceivable for a prescriptive
analytics solution to use both at the same time. Although there isn't
always a be�er strategy than another, analysts and corporate
executives need to know when to use each kind of approach (or
both)88.

 
Heuristics are rules that vary depending on the problem. When the 
issue can be precisely defined and is operational in nature as 
opposed to tactical or strategic, that is when they work best.  They 
may also be a wise option when the same choices need to be made 
hundreds, thousands, or even millions of times every day. Heuristics 
make use of extremely specialized methods created to capitalize on 
certain features of an issue. Typically, they demand the creation of a 
series of instructions (such as "If this, then do this"), a set of 
mathematical functions (such as f(x) = y), or both. 83

 

A popular tool for commercial decision-making is Excel. A
hypothesis about a possible response can be used to construct Excel-
based rules by utilizing features such as IF statements, lookups, and



functions. After values are entered, the response is then given back
right away. If an optimization method is not applied, there is no way
to determine whether this is the optimal response.

 

Examples of situations when rules of thumb suffice and optimization
is not necessary include:

• Raw material purchases: for example, buy raw materials
from the lowest cost source first, regardless of quality;

• Marketing: provide consumers with promotional offers in
response to their previous purchases or internet searches, for
example;

• Demand fulfillment: for example, Tier 1 clients must always
have their service requirements satisfied at the expense of
those in other tiers.

 

To identify the best solution, optimization is used, which combines
precise algorithms with mathematical modeling. Writing math
equations on a model-building platform defines an issue. After the
model is constructed, the problem is solved by a highly sophisticated
algorithm. An aim must be specified to either maximize or minimize
a metric (such as profit, costs, employee utilization, or volume) in
order to get the best possible response.83 The customer has the
option to indicate how exactly they need the response to be as well
as how long they can wait. The best response is then determined by
the optimization algorithm.

 

In the past, optimization was used to tackle challenges related to a
particular business function such as:

• Transportation: moving items at the lowest possible cost



p g p
from supply to demand locations;

• Equipment replacement: figuring out when to replace
equipment;

• Assignment problems: allocating workers to equipment;
• Gasoline blending: for aviation fuels89.

 

Prescriptive analytics is not just the future of big data - it's the "here
and now" of effective decision-making. It's the key to unlocking new
dimensions of growth, creating a bridge between the present and a
plethora of optimized future possibilities. With prescriptive
analytics, the future isn't something that just happens. It's something
you shape, today.

 

 



1.

2.

3.

Quiz

What is the primary function of descriptive analytics?

a. To predict future trends
b. To prescribe solutions to future problems
c. To provide insights into future events
d. To transform raw data into useful insights about past

events

 

Which of the following is an application of descriptive
analytics in business?

a. To inform strategies and drive decision-making
b. To replace other types of data analysis
c. To solely review past events without context
d. To be the only tool used in decision-making

 

What are some techniques that descriptive analytics
employs?

a. Data mining and clustering
b. Data extraction and organization
c. Data visualization and tabulation
d. Data encryption and decryption

 



4.

5.

6.

7.

Which statement best describes the flexibility of descriptive
analytics?

a. It is restricted to specific industries
b. It can only be used by business leaders and scientists
c. It can be used in any industry and by every company
d. It is limited to large organizations with vast data resources

 

What does descriptive analytics provide for other types of
data analysis techniques?

a. A competitive edge
b. A stage for prescriptive analytics only
c. The context and starting point
d. A final verdict on data interpretation

 

What is inferential analytics also known as?

a. Descriptive analytics
b. Predictive analytics
c. Inferential statistics
d. Computational statistics

 

Which of the following best describes the purpose of
inferential analytics?

a. To merely describe the data in front of us



8.

9.

10.

b. To make educated predictions about larger data sets based
on a smaller sample

c. To predict tomorrow's weather
d. To calculate the mean of a dataset

 

Why is the use of sample data considered essential in
inferential analytics?

a. It's more complicated and time-consuming
b. It's simpler, less time-consuming, and more cost-effective
c. It increases the chances of errors
d. All of the above

 

What are the two main types of inferential errors?

a. Type X error and type Y error
b. Type I error and type II error
c. Type A error and type B error
d. Type 1 error and type 2 error

 

What is the main difference between descriptive statistics
and inferential statistics?

a. Descriptive statistics describes the data, while inferential
statistics makes predictions about the data.

b. Descriptive statistics uses probability, while inferential
statistics does not.



c. Descriptive statistics uses a sample, while inferential
statistics uses the entire population.

d. Descriptive statistics are more accurate than inferential
statistics.

 

Answers
1 – d 2 - a 3 – a 4 – c 5 - c

6 – c 7 – b 8 – b 9 – b 10 - a

 

 

 



Chapter Summary

 

Data analytics enables businesses to draw meaningful insights
from collected data, facilitating smarter, data-driven decisions.
There are four main types of data analytics: descriptive,
inferential, predictive, and prescriptive:

⬧ Descriptive analytics, the most used form, focuses on what
has happened within a business, transforming historical data
into easily understood information.

⬧ Inferential analytics aims to determine why something
occurred. This kind of analysis offers perceptions of the
elements that contributed to a specific outcome by looking at
correlations and relationships between various data points.

⬧ Predictive analytics, on the other hand, concentrates on what
might occur in the future. It forecasts upcoming occurrences
using statistical models and forecasting methods based on
past and present data. For risk reduction and proactive
decision-making, this kind of analytics is essential.

⬧ Prescriptive analytics offers insights into the course of action
that should be followed to a�ain specific goals. It offers many
decision possibilities and illustrates the effects of each choice.
By outlining the most advantageous course of action to adopt,
it goes beyond forecasting future results.



The appropriate use of these data analytic types helps
businesses optimize their operations, make more informed
decisions, and be�er meet their objectives.

 

 

 



Chapter 4
 

 

 

 

 

TECHNIQUES AND TOOLS FOR
DATA ANALYTICS

Organizations may improve their decision-making process, increase 
operational efficiency, and get a competitive edge in the market by 
utilizing the latest techniques, tools, and practices of data analytics. 
However, because data analytics is a dynamically evolving field, firms 
must constantly adapt their approach. This chapter will analyze what 
techniques and  tools can we implement in data analytics and what are 
the best practices that can be incorporated.
 

The key learning objectives are to dive into the details of the following
topics:

Data analytics techniques (regression analysis, exploratory data
analysis, dimensional reduction techniques, machine learning
algorithms, advanced analytics techniques)
Data analytics tools (Excel, R, Python, SQL, RapidMiner, Hadoop,
Apache Spark, Microsoft Power BI, Tableau, Qlik Sense, scikit-
learn, and KNIME)
The best practices in data analytics are the three phases of
workflow, reproducibility, regular data updates, data quality
management, business-driven decisions, workflow integration,
continuous learning and adaptation.

4.1: Data Analy�cs Techniques



More than ever, the world is currently experiencing a data revolution that
has an impact on almost every area of our everyday lives90. This data can
be used to make be�er decisions, but we need the right tools to analyze it.
Regression analysis and other statistical data analytics techniques can help
us make sense of data and find insights.

 

Regression analysis
Regression analysis is a statistical technique that can be used to find the
relationship between two or more variables. For example, we could use
regression analysis to find the relationship between sales and marketing
spend. Assume you're a sales manager a�empting to forecast the sales
figures for the upcoming month. Regression analysis can assist you in
identifying the most important factors, such as the weather or competitor
promotion, that could have an impact on these numbers91.

 

A popular type of regression analysis called linear regression is a
statistical technique that is used to predict the value of a dependent
variable (y) based on the value of one or more independent variables (x).
The independent variables are those variables that are not dependent on
other ones. They can also be the factors that are manipulated or controlled
by the researcher in an experiment. The dependent variable is the outcome
or result that researchers are interested in understanding or explaining.

 

Let's visualize a straightforward real-world scenario to simplify the idea of
linear regression. Let's say you run a lemonade stand and you're curious
about how the weather affects your sales each day. Since your sales are
influenced by other variables, such as the weather, your weekly sales (let's
use the number of cups of lemonade you sell) are what we refer to as the
dependent variable in this case. Since the temperature fluctuates on its own



and you're a�empting to determine whether those variations have an
impact on your sales, in this instance, it qualifies as an independent
variable.

 

A�empting to create a straight line across a sca�er of graph points—each
representing a day's temperature and associated lemonade sales—is what
linear regression is all about. You want this line to accurately illustrate how
temperature affects your sales as much as possible. "Best” means that the
line should be as near to each of these places as it can be at the same time.
Because real life isn't often that neat, it's uncommon to find a line that
precisely crosses through every point.

 

Examine Figure 4.1, where we have another example: weekly sales in
dollars are the dependent variable (y) and an index of promotional
activities is the independent variable (x). A best line can be fi�ed using
regression analysis to a set of observations. The estimated line could be
biased if there are problems with the data or if the regression assumptions
are not met92.

 
Figure 4.1 A visual explanation of regression analysis



Source: Sarstedt, M., Mooi, E. 2014. A Concise Guide to Market Research.
Springer. DOI:10.1007/978-3-642-53965-7. ISBN: 978-3-642-53964-0.

 

There are many other data analytics techniques besides regression analysis.
Some of these techniques are described below.

Exploratory data analysis (EDA)
EDA is used to visualize and summarize data to get a be�er understanding
of it, being a crucial first step that prepares the data for more intricate
studies, including visualizing, summarizing, and interpreting the data.
EDA is often used before more formal data analysis techniques, as it can
help us identify pa�erns and outliers in the data93. The term was coined by
American mathematician John Wilder Tukey in the 1970s94. EDA aids in
pa�ern recognition, outlier detection, hypothesis testing, and general data
understanding95.

 

Dimensional reduc�on techniques
Dimensional reduction techniques are used to reduce the number of
variables in a dataset. This can be helpful when working with large



datasets, as it can make the data easier to manage and analyze. By lowering
the dimensionality of the data and condensing the data into fewer, easier to
understand combinations of variables, techniques like Principal
Component Analysis (PCA) aid in the simplification of this96. The
Dimensional Reduction Techniques improve model accuracy97.

 

Machine learning algorithms
Machine learning algorithms are used to learn from data and make
predictions. Machine learning algorithms can be used for a variety of tasks,
such as fraud detection, customer segmentation, and product
recommendations.

 

For example, many of today's most cu�ing-edge technologies, from
Netflix's personalized recommendations to autonomous automobiles, are
powered by machine learning algorithms98. These algorithms provide
computers the ability to see pa�erns in data and learn and make
predictions. Like how humans learn from our past acts, they acquire new
skills through experience without the necessity for explicit programming.

 

Regression can be considered a form of machine learning algorithm, but
other methods like decision trees, random forests, and neural networks
have become more well-liked.

 

Machine learning algorithms can be broadly divided into three groups:
reinforcement learning (training method based on rewarding desired
behaviors and/or punishing undesired ones), unsupervised learning, and
supervised learning.

 



For example, labeled datasets are used to train supervised learning
algorithms, which are ideal for tasks like forecasting stock market
movements or categorizing emails as spam or not. On the other hand,
unsupervised learning algorithms find pa�erns in unlabeled data that are
helpful for grouping related things or spo�ing anomalies.

 

Did you know that the machine learning
Random Forest method functions
similarly to the Decision trees method
and even be�er99? It appears as though a
council of sage old trees from a
fantastical book convened to make future
predictions! Every tree in the "forest" gets
to "vote" on the result after being trained
on arbitrary data segments. Decisions
based on evidence are made through a
democratic process!

Advanced analy�cs techniques
Advanced analytics techniques are used for more complex data analysis
tasks. Some examples of advanced analytics techniques include sentiment
analysis, network analysis, and time series analysis. For example, a
company could use sentiment analysis to track customer sentiment
towards its products or services on social media, a financial institution
could use network analysis to identify influential people in the financial
market and a government agency could use time series analysis to predict
the demand for electricity in the coming months.

 



Organizations can use data analytics techniques to find pa�erns, spot
anomalies, forecast trends, and make data-driven decisions100. The
importance of these techniques will only grow as we continue to produce
and gather more data. By mastering these techniques, we give ourselves
the ability to transform unstructured data into insightful knowledge that
will guide us through the complicated, data-driven worlds of today and
tomorrow.

 

4.2: Data Analy�cs Tools
Data analytics is essential to make well-informed decisions, analyze
massive amounts of data, and predict future trends. Given its significance,
many data analytics tools have been created and improved to make this
process easier101.

 

Understanding data analytics and the right tools for the job is crucial.
Large-scale dataset-based data analytics uncovers hidden pa�erns and
supports business transformation. Organizations must understand how the
tool will fit into their overall business objectives before implementing it. A
lot of new tools are hi�ing the market, and other technologies are
becoming less important, as a result of the constantly evolving needs of
those who work in data analytics102. Besides Microsoft Excel, there are
other popular tools like R, Python, SQL, RapidMiner, Hadoop, Apache
Spark, Microsoft Power BI, Tableau, Qlik Sense, scikit-learn, and KNIME.

 

Data analytics software use a variety of research techniques to store,
process, and extract insights from the provided datasets. Certain
technologies are even doing well in terms of generating improved



visualization and summary reports, which helps us obtain accurate results
with minimal work. 99

 

Microsoft Excel is a common data analysis tool. It has graphing tools,
automated computing capabilities, and spreadsheet operations that can
manage and organize big data sets. Due to its widespread use, it is a
necessary tool for everyone beginning their data journey.

 

Learn how to use the PivotTable in Excel
for effective data analytics. PivotTables
are an efficient way to quickly
summarize massive datasets and identify
pa�erns and trends103. After deciding on
your data range, click "Insert PivotTable."
Next, move various fields by dragging
and dropping them into the Rows,
Columns, Values, and Filters sections.
Grouping data, calculating, and filtering
for certain insights are all simple to do.
To ensure that your analysis is current,
don't forget to reload your PivotTable if
the underlying data changes!

 

Apache Spark is another well-known tool for managing big data analytics.
It provides fault tolerance for entire clusters and an implicit data parallel
programming interface. The SAS (Statistical Analysis System) software
suite is used for corporate intelligence, data management, multivariate
analysis, advanced analytics, and predictive analytics.

 



Because of their extensive libraries for statistical analysis, data
visualization, and machine learning, Python and R are two of the most
popular programming languages used in data analytics. An environment
for executing Python and R code is provided by the open-source web
application Jupyter Notebook, making it simpler to create and share
documents with live code, equations, graphics, and narrative prose104.

 

Since its debut in 1991, Python has gained significant popularity as a
general-purpose programming language. Python is an approachable,
simple-to-learn, robust, and quick programming language. Because it was
created under an OSI-approved Open Source license, this language can be
distributed and used freely by anyone, even businesses.

 

The licensing for Python is managed by the Python Software Foundation.
Python Package Index, or PyPI, is the host of numerous third-party Python
modules. Python's extensive library makes it a highly useful tool for
performing data analytics.99 Data analysts are gravitating towards Python.
Spyder, PyCharm, Rodeo, Atom, and Jupyter notebook are a few of the top
Python integrated development environments (IDEs) for data analytics.
The Jupyter notebook serves as a presentation and teaching tool in
addition to being an intuitive, interactive environment. In the same
notebook, there is code and output that can be shared as PDFs and many
other file formats, including latex.

 
R is another Open Source software application that is managed by the R 
Foundation for Statistical Computing and is created by volunteers for use 
by scientists, researchers, and data analysts. R is freely accessible through 
the GNU General Public License. Statisticians use it extensively, and there 
is an abundance of internet advice available.  Polls, data-mining surveys, 
and literature reviews on databases all indicate that R's popularity has 
skyrocketed in recent years. The 40-year SAS language monopoly has been 



challenged by the creation and application of R. Fortran, C, and R are used 
in the development of the R software environment. R offers a user-friendly 
command line interface, and all of its commands are simple to use and 
comprehend. These days, there are several graphical front-ends accessible, 
such as Rstudio, IntelliJ, Visual Studio, etc105.

 

Microsoft Power BI and Tableau are at the top of the heap in the field of
data visualization. With the help of Power BI, users can construct powerful,
dynamic data representations from a range of sources, effectively
conveying crucial business insights106.  Microsoft Power-BI provides self-
service BI competencies with interactive visualizations so staff members 
may generate dashboards and reports without assistance from the software 
development team107.

The interface of Tableau, on the other hand, is straightforward enough for
users to build their own dashboards, and it offers interactive visuals.
Tableau allows you to connect to cloud-based data sources (such as big
data, spreadsheets, SQL, Google Analytics, and Salesforce), do calculations
using pre-existing data, produce forecasts and reference lines, and perform
statistical summaries for trend analysis, regressions, and correlations.
Users of this software can split, pivot, and manipulate metadata to
optimize data sources without having to write any code108.

 

Qlik Sense stands out among machine learning applications thanks to its
associative analytics engine, cognitive features, and sturdy, scalable
platform. It enables automated machine learning and intuitive data
exploration. With Qlik Sense, data can be loaded without the need to
manually update scripts, and the user interface may be simplified with
drag-and-drop visualizations. The business intelligence tool for converting
data into knowledge is called QlikView. Users are able to obtain
unexpected business insights regarding the relationships between different



types of data. Users have the ability to do both direct and indirect searches
over all data in any field or across the entire application109.

 

With Qlik, you can include Google Analytics data into your research with
ease110:

● Flexibility in combining data sources: Qlik's associative architecture
allows for the smooth integration of data from social networking
platforms, Google Analytics, and a few other data sources into data
applications.

● Quick deployment: With the Qlik Google Analytics Connector, new
insights can be obtained in a ma�er of hours rather than weeks or
months. It is simple to configure and put into production.

● See every one of your websites in one location - It can be
challenging to get a whole picture from a single perspective,
particularly when we are comparing websites side by side. You
may view everything in one location and choose the KPIs that are
essential to you by hand with Qlik. Eliminate time-wasting
transitions between website profiles and charts.

 
KNIME is a different program that integrates machine learning and data 
mining components and has a graphical interface for building data 
workflows.  KNIME is currently among the top analytics systems for data 
breakthroughs that identify perhaps hidden pa�erns, mine for fresh 
insights, or forecast new features. Each of its thousands of modules 
includes a large selection of algorithms, hundreds of ready-to-run sample 
scripts, and a sufficient number of integrated tools. This utility integrates 
components using the modular pipelining idea. 
 

Even novice users can use KNIME because all they have to do is drag and
drop connecting points between activities. KNIME's drawbacks include its
poor visualization, inability to handle complicated and large-scale
workflows, inability to split many data sets, lack of wrapper methods,
limited error measurement methods, and unavailability of preliminary
results.



 

The majority of top tools offer Command Line Interface, which is a feature
that most programmers find convenient. Table 4.1 lists the main features,
including the current version, support for the command line, license,
language in which they were produced, and functionality of certain
software tools.

 

Table 4.1 General characteristics of the tools

Tool GUI/
CLI

Current
version

License Language
used for
development

Functionality

R Both 3.3.3 GNU GPL
v2

C, Fortran, R Statistical
Techniques

Python Both 3.6.1.rel Python
software
foundation
license

C, Python General
purpose
programming

RapidMiner GUI 7.4 Profession
edition is
proprietary,
basic
edition is
AGPL

Java Business
Intelligence,
Machine
Learning,
predictive
analytics

Hadoop Both 3.0.0
alpha2

Apache
License 2.0

Java Distributed
environment

Spart Both 2.1.0 Apache
License 2.0

Scala, Java,
Python, R

Data
Analytics,



Machine
Learning

Tableau GUI 10.1 Commercial C++ Data
Visualization

KNIME GUI 3.3.1 GNU
general
public

Java Data
Analysis, Text
Mining

Source: Bonthu, S., Bindu, K.H. 2017. Review of Leading Data Analytics
Tools. International Journal of Engineering & Technology, 7 (3.31) (2017)
10-15.

 

Data analytics can be carried out on a variety of platforms, including the
web, iPhones, and Android and Windows Phone mobile applications.
Table 4.2 provides a comprehensive overview of which tool is compatible
with which platform. Python is compatible with all platforms, although
Windows phone apps cannot use R, Spark, Tableau, or KNIME. Hadoop is
not compatible with all systems because it is a distributed environment.

 
Table 4.2 Supported platforms

Tool web I-phone android Windows
phone

R ✔ ✔ ✔  

Python ✔ ✔ ✔ ✔

RapidMiner ✔    

Hadoop ✔    

Spart ✔ ✔ ✔  



Tableau ✔ ✔ ✔  

KNIME ✔ ✔ ✔  

Source: Bonthu, S., Bindu, K.H. 2017. Review of Leading Data Analytics
Tools. International Journal of Engineering & Technology, 7 (3.31) (2017)
10-15.

 

The choice of a data analytics tool is influenced by the needs of the task at
hand, the infrastructure that is readily available, and the user's expertise.
Successful data analytics depend on having a solid understanding of these
tools and how they are used111.

4.3: Best Prac�ces
The systematic examination of data, which results in informed decision-
making, is a critical step in data analytics. Any data analytics project must
have a well-organized and efficient workflow to be successful. Here are
some guidelines for designing a data analytics pipeline.

 

Three phases of workflow: Explore, refine, and produce are the three
stages of an efficient data analysis process, according to Stoudt et al112. The 
explore phase is focused on initial data investigation, comprehension, and 
hypothesis formation. In the refine phase, raw data are converted into a 
format that can be analyzed and used to explore models or statistical 
techniques. Producing the final analysis  and figures, and writing up the 
findings are all part of the produce phase.
 

Reproducibility: Workflows for data analysis must be able to be
replicated. This entails making sure that other people can accurately
reproduce the actions made during the workflow. It improves the findings'
dependability and openness. Tools like R Markdown or Jupyter Notebook,



which enable the combination of code, output, and descriptive text, can be
helpful in this situation113.

 

Regular data updates: It's critical to design a procedure that allows
managing new data and rerunning studies with the updated data for
datasets that are often updated114. This process can be streamlined by
using automation technologies.

 

Data quality management: Ensuring the accuracy and reliability of the
data is a critical step in the data analytics workflow. Results can be misled
by inconsistent, inaccurate, or missing data. To address these challenges,
the pipeline should include data cleaning and validation procedures.

 

Business-driven decisions: The goal of data analytics is to address
practical issues and provide information to support business choices.
Therefore, the choice of which business issues to concentrate on should be
made jointly by business leaders and data scientists. The data and analytics
capabilities ought to correspond to the particular business requirements115.

 

Workflow integration: Data science cannot be done in a vacuum. It needs
to be thoroughly integrated into organizational structure, business
processes, and operations116. This necessitates ongoing interaction and
coordination between the various parties participating in the workflow of
data analysis.

 

To improve customer support, an e-
commerce company can integrate data
analytics with its customer service



workflow. Their solution gives support
workers instant access to purchase
history, stock information, and supply
chain specifics by connecting client
interactions with inventory data.
Sentiment analysis uses the customer's
tone to infer satisfaction and urgency,
enabling customized answers like
coupons, quick returns, or different
suggestions. Response times, client
satisfaction, and inventory forecasts are
all enhanced by this integration.

 

Continuous learning and adaptation: Because data analytics tools and
techniques are developing so quickly, a portion of the workflow should be
set aside for learning and applying these new methods. This will guarantee
that the workflow remains efficient and current.

 

By adhering to these best practices, businesses can make sure that their
workflow for data analytics is scalable, reproducible, and in line with their
corporate goals in addition to being successful at extracting important
insights from data.117

 



1.

2.

3.

Quiz

What is the purpose of regression analysis in data analytics?

a. To measure the correlation between a dependent variable
and one or more independent variables.

b. To predict future weather pa�erns.
c. To analyze the growth of a business over time.
d. To create data sets for further analysis.

 

Who coined the term exploratory data analysis (EDA) in the
1970s?

a. Albert Einstein.
b. John Wilder Tukey.
c. Alan Turing.
d. Isaac Newton.

 

What are the three broad categories into which machine
learning algorithms can be divided?

a. Reinforcement learning, unsupervised learning, and
supervised learning.

b. Active learning, passive learning, and supervised learning.
c. Reinforcement learning, unsupervised learning, and

dynamic learning.
d. Active learning, unsupervised learning, and static learning.

 



4.

5.

6.

7.

What is a notable assumption of linear regression analysis?

a. The residuals are constant across observations.
b. The residuals are different across observations.
c. The dependent and independent variables have a non-

linear relationship.
d. There is no correlation between the dependent and

independent variables.

 

What is the purpose of dimensional reduction techniques in
data analytics?

a. To improve the accuracy of data models.
b. To increase the complexity of data sets.
c. To enhance the speed of data processing.
d. To increase the dimensionality of data.

 

Why is data analytics essential?

a. To analyze large amounts of data
b. To make well-informed decisions
c. To predict future trends
d. All of the above

 

What is a common feature of Microsoft Excel used in data
analytics?

a. Graphing tools



8.

9.

10.

b. Spreadsheet operations
c. Automated computing capabilities
d. All of the above

 

Which programming languages are popular in data analytics
due to their extensive libraries for statistical analysis, data
visualization, and machine learning?

a. Python and JavaScript
b. Java and R
c. Python and R
d. JavaScript and Java

 

Which software is known for advanced analytics,
multivariate analyses, corporate intelligence, data
management, and predictive analytics?

a. Apache Spark
b. SAS (Statistical Analysis System)
c. Microsoft Power BI
d. Tableau

 

What is a unique feature of Qlik Sense in the field of data
analytics?

a. Robust, scalable platform
b. Associative analytics engine



c. Cognitive features
d. All of the above

 

Answers
1 – a 2 – b 3 - a 4 - a 5 - a

6 – d 7 – d 8 – c 9 – b 10 - d

 

 

 

 

 



Chapter Summary

⬧ As the complexity and diversity of data increase, a broad
range of techniques are developed to accommodate them.
Some of the most known techniques include regression
analysis, exploratory regression analysis, dimensional
reduction techniques, machine learning algorithms, and
advanced analytics.

⬧ There are various tools used in data analytics that are critical
in processing massive amounts of data and have been
continuously improved and innovated to simplify this
process. The most common are Microsoft Excel, Python and R,
Apache Spark, Microsoft Power BI, and Tableau.

⬧ The best practices in data analytics are to respect the three
phases of the workflow scheme, reproducibility, regular data
updates, data quality management, business-driven decisions,
workflow integration, and continuous learning and
adaptation.

 

 



Chapter 5
 

 

 

 

 

WHAT DOES A DATA ANALYST
DO?

So, what exactly does a data analyst do? What procedures do data
analytics involve? This chapter will go into the data analytics
process, which is the cornerstone of data-driven decision-making.
Data analytics essentially consists of five stages: identifying the
questions, collecting the data, cleaning the data, analyzing the data,
and ultimately visualizing and sharing the results.
 
The key learning objectives of this chapter include the reader’s
understanding of the following:

The data analytics process and the steps necessary to
complete a data analyst's job
Defining the questions for conducting the data analysis
process Collecting data that is, gathering pertinent facts to
address the issue.
Cleaning the data that is, correcting and eliminating flaws or
inconsistencies in the data that has been gathered.
Analyzing the data to find pa�erns, trends, and insights.
Visualizing and sharing the findings: the final step entails
communicating the insights with stakeholders by presenting
the findings in a clear, aesthetically appealing way.



 

Readers will be equipped to traverse the complex world of data
analytics and use the power of data to propel effective decision-
making by understanding these phases and the methodologies used in
each.

5.1: The Data Analy�cs Process
Data analytics is a scientific method that involves examining raw data
in order to make inferences about that information. Making educated
judgments, forecasting future trends, and improving an organization's
overall operational efficiency are all achieved through this complex
process, which applies a variety of methodologies from several
disciplines118.

 

The data analytics process is an iterative one that includes several
significant stages rather than a single step. The stages are:

 

Defining the ques�ons
Defining the goal or problem statement is the first stage in the data
analytics process. The objective is to comprehend what kinds of
insights the company hopes to obtain from the data analysis. This
process entails formulating a specific question considering the
requirements or objectives of the company.

 

Collec�ng data



Data analysts gather the essential information after formulating the
problem statement. This information may come from a variety of
sources, including consumer surveys, purchase records, social media
activity, and more. The gathered information is essential for later
analysis and meaningful conclusion-making.

 

Cleaning the data
The obtained data must be processed and cleaned before analysis can
begin. This stage makes sure that irrelevant, incomplete, or incorrect
data is eliminated, increasing the analysis's accuracy.

 

Analyzing the data:
After the data has been prepared and cleansed, the analysis itself can
begin. To find trends, pa�erns, and insightful information, several
statistical and mathematical techniques are applied in this step. The
analysis process may use a variety of methodologies, including
prescriptive, diagnostic, predictive, and descriptive analytics.

 

Visualizing and sharing the findings
The results of the analysis are communicated to the necessary parties
after completion. To facilitate simpler comprehension and faster
decision-making, the data are frequently presented in a visually
appealing fashion.

 

Since data analytics is an ongoing process, it is acceptable to fail and
try again using a different strategy. Accepting failure can assist you in



learning and refining the procedure to be�er suit your requirements.

 

Furthermore, corporate operations, processes, and organizational
structure should be closely connected with good data analytics119. But
it's crucial to keep in mind that this procedure is adaptable and can be
changed in accordance with particular requirements and objectives.

 

Less than 0.5% of the data we create is
thought to be examined and used120,
which is an interesting fact about the
data analytics process. This implies
that while we are producing a huge
ocean of data, we are only examining a
small portion of it!

5.2: Defining the Ques�ons
Any company or research project needs to start by defining the
research questions. This step prepares the ground for an effective data
exploration process and helps to reveal valuable and useful insights.

 

It's critical to comprehend your data, its source, and its nature before
defining the questions. For instance, big data has completely changed
the field of scientific research and data analytics121. Understanding the
context and possibilities of your data, whether it be genomic
sequences, physiological measures, or information on traffic flow, can
help you formulate targeted and relevant queries.



 

Generally speaking, the quality of your data depends on the questions
you pose122. Specificity and alignment with the ultimate objective of
your business or research undertaking are required of the questions. If
you run a medical business, the inquiries can be intended to enhance
customer relations or anticipate future medical needs. Your inquiries
may concern be�ering diagnosis and treatment or comprehending the
nutritional requirements of a group in the context of scientific
research.

 

Asking the appropriate questions is the secret. Engage in regular
discussions with company executives, data scientists, and other
pertinent stakeholders to identify these questions. Data analytics
ought to be integrated into the company and coordinated with the
operational procedures. These discussions may raise new issues,
creative solutions, and unexpected opportunities that weren't
previously thought about.

 

A quick tip is to use the SMART
criteria (Specific, Measurable,
Achievable, Relevant, and Time-
bound) while defining questions in the
data analytics process. You can more
effectively concentrate your data
analytics efforts and obtain useful
insights by making sure your
questions fit these requirements.



 

Data analytics questions may be descriptive, inferential, predictive, or
prescriptive. For illustration, "What were the sales figures for the last
quarter?" would be a descriptive inquiry. The following could be an
inferential query: "Why did sales decline in the last quarter?"
Advanced statistical modeling is needed to answer questions like
"What will be our sales in the next quarter?" In order to make strategic
decisions, prescriptive questions like "How can we improve sales next
quarter?" draw on information from all three earlier question
categories.

 

Information literacy, which refers to the capacity to locate, assess, and
make efficient use of sources123, is a key component of a
comprehensive approach to question framing in data analytics. As the
questions are established, it is important to assess the data sources and
confirm their reliability.

 

In conclusion, properly structuring your questions considering the
nature of your study, and doing a thorough assessment of your
information sources are all essential components of developing
questions in data analytics. At the core of successful data analytics is a
methodical procedure that directs your investigation and analysis.

5.3: Collec�ng Data
The systematic process of gathering and measuring information on
variables of interest, in a systematic manner, that enables answering
the research questions, is known as data collection124. No ma�er if you



are conducting research for commercial, governmental, or academic
goals, data collecting gives you the chance to learn firsthand
information and develop novel insights into your study issue.

 

Although the method for collecting data may differ between
disciplines, the overall structure is typically similar. It is a sequential
procedure that requires careful planning to guarantee the accuracy
and dependability of your data.

 

You can primarily collect two different sorts of data: quantitative
(numerical) and qualitative (non-numerical). You might require both
sorts of data in the scenario of analyzing the sales trend on Christmas,
from year to year. Quantitative data can include previous Christmas
season sales figures, while qualitative data might include customer
comments or surveys regarding shopping preferences.

 

Choosing the right procedures and methods you'll employ to acquire
your data is very important. Data can be gathered using a variety of
techniques, including surveys, interviews, observation, and the use of
pre-existing information125. You must make a reasonable decision
depending on your research objective and the type of data you require
because each method has benefits and drawbacks of its own.

 

For instance, you could use the retail company's historical sales data to
gather quantitative information on sales. You might select to carry out
surveys or interviews to gather qualitative information about client
purchasing pa�erns.



 

One interesting real-life example of
data collection in data analytics is the
"Smart Diapers" project developed by
a startup. The "Smart Diapers" project
involves a startup embedding sensor
strips in baby diapers to track health
indicators like hydration, kidney
function, and infection risk126. A
smartphone app analyzes the data and
sends out real-time health alerts for the
infant to parents and clinicians,
enabling prompt medical a�ention to
any abnormalities found.

 

Contemporary manufacturing is another area of interest for data
collection. Data collectors, such as sensors, are tasked with capturing
meaningful physical values produced by manufacturing events, as
shown in Figure 5.1. In order to make the best decisions possible to
improve the production system's performance, the collected data is
further examined and analyzed. Unlike traditional model-based
manufacturing, this closed-loop method of production established a
foundational framework for data-driven manufacturing127.

 
Figure 5.1 Closing the loop of data-driven manufacturing



Source: Xu, K., Li, Y., Liu, C., Liu, X., Hao, X., Gao, J., Maropoulos, P.G. 
2020. Advanced Data Collection and Analysis in Data-Driven 
Manufacturing Process. Chinese Journal of  Mechanical Engineering 
(2020) 33:43.
DOI: h�ps://doi.org/10.1186/s10033-020-00459-x.

 

You need to think about your data processing and storage methods as
well. The prevalence of digital data is growing, so it's critical to use
effective and secure data storage techniques. Another important stage
is converting raw data into a format that can be used. Also, keep in
mind that collecting data is an iterative process. Based on the
information you gather; you might need to review your plan and
make adjustments. Data collection is an art unto itself. Your data
analytics project is supported by a planned, organized approach.
Spend the time necessary to collect the data accurately because it will
serve as the basis for your analysis and insights. Throughout the
process, keep your research goal in mind and make sure the
information you gather is pertinent to and valuable for that goal.

5.4: Cleaning the Data
Data cleansing, sometimes referred to as data cleaning or data
scrubbing128, is one of the crucial phases in data analytics. The goal of



this process is to identify potential data inconsistencies or flaws and fix
them to improve the quality of your data.

 

When conducting quantitative research, we gather information and
use statistical techniques to provide an answer to a particular research
topic. We use hypothesis testing to see whether our data show support
for our study hypotheses. However, handling data that has not been
properly calibrated or cleansed can result in a variety of research
biases129, including information bias and bias due to omi�ed variables.
To ensure that our data is legitimate, accurate, complete, consistent,
unique, and uniform, it is crucial to clean it.

 

The process of data cleaning is done according to how the data is
evaluated.

 

For businesses, poor data quality (DQ) is still a major problem. For the
purposes of data warehousing and integration, data must be cleaned
of mistakes in both structure and content. Since data cleansing is
primarily concerned with data quality and ge�ing the data fit for use
by its users by eliminating errors and providing appropriate
documentation, there is a great need for it. Several rounds of data
auditing are used in current data cleaning methods to identify flaws
and lengthy transformations are performed to correct them130.

 
Numerous methods are employed for data cleansing in the 
manufacturing sector, educational institutions, universities, and other 
establishments. Long wait times are required of users, and they 
frequently create intricate transformation scripts. The most popular 



DC frameworks  are examined in Table 5.1 to show their advantages 
and disadvantages. Among them are ARKTOS, AJAX, IntelliClean,
and Po�er's Wheel131.

 
Table 5.1 Comparative analysis of data cleaning frameworks

Parameter Porters
Wheel

AJAX IntelliClean ARKTOS

Interactivity It is very
interactive;
hence easy
to use

Comple
interface
and hence
not friendly
to non-
technical
persons.

Interactive 
with end 
user.  
However, 
requires 
li�le input 
from end-
users

Highly
interactive;
it has
graphical
interfaces
for loading
and
executing
validations
on loaded
files.

Data format/
Structure

Text Text Text Text

Human
dependence

High
human
dependency
for
exceptional
errors.

High human
dependency.
Example;
evaluation
and
validation of
errors are

Very
minimal
because of
the expert
module
embedded

Although
the system
has
complex
modules for
dealing
with



full
dependent
on human
expert.

in the
system.

duplicates,
however,
there is a
high
dependency
on human
expects for
error
correction.

Maintenance Not
considered

Not
considered

Not
considered

Not
considered

Source: Sarpong, K.A-M., Arthur, J.K. 2013. Analysis of Data Cleansing
Approaches regarding Dirty Data – A Comparative Study.
International Journal of Computer Applications (0975 – 8887), Volume
76– No.7, August 2013.

 

Breaking the process of data cleaning into more detailed pieces, we
can identify several aspects of data cleaning such as data validation,
data screening, diagnosing phase, de-duplication, handling invalid
data, dealing with missing data, or identifying outliers.

 

Data validation is the initial step in the data cleansing process. This
phase involves determining whether the collected data adheres to the
established formats and regulations. Oftentimes, in big organizations,
data validation is done using statistical systems132. Any discrepancies
discovered during this stage should be fixed right away. This could



entail reforma�ing data, making changes to it, or eliminating it
altogether if it is useless.

 

Another key stage is data screening, which entails going over the data
set to check for inconsistencies or inaccuracies. This may entail finding
missing data, identifying outliers (unusual data values) or searching
for incorrectly submi�ed data. Here, you need to have a keen eye and
a comprehension of the data you're working with.

 
Data analysts discover all  particular problems that require a�ention 
during the diagnosing phase133. For instance, we might discover that
some measures don't accurately represent the values of the things
being measured. Finding the right answers in this case requires
understanding the type of errors.

 

Inconsistent conclusions can be drawn from your data analysis as a
result of duplicate items in your dataset. De-duplication is thus one of
the important processes in the data cleansing process134. This entails
looking for, spo�ing, and eliminating duplicate records from your
data set.

 

Data that does not adhere to the necessary format or values is
considered invalid. Knowing how to handle invalid data is crucial.
The invalid data could be the result of faulty data extraction
techniques, system problems, or data entering issues. Depending on
the situation, erroneous data may need to be deleted, corrected if the
actual value is known, or estimated based on other data.



 

If a respondent might choose not to answer a question in a survey,
data might not be gathered for thatspecific variable. Data may be lost
due to technical problems. Different approaches of dealing with
missing data, such as disregarding them, utilizing statistical methods
to estimate the missing values, or using algorithms that can manage
missing data, can be utilized depending on the type and extent of the
missing data.

 

Data points known as outliers diverge greatly from other
observations. They may appear as a result of errors or data variability.
Extreme numbers on either the high or low end of a variable can be
considered outliers. In some analyses, they can offer insightful
information, but they can also bias the data and produce false findings.
Data cleansing therefore includes locating outliers and managing them
appropriately. Figure 5.2 gives an example of 3 outliers.

 

Figure 5.2 Various outlier examples from regression analysis. Case 1
is an anomaly concerning X. Case 2 is an anomaly in relation to Y. In
terms of X and Y, Case 3 is an anomaly.



Source: Cousineau, D., Chartier, S. 2010. Outliers detection and
treatment: a review. International Journal of Psychological Research, 3
(1), 59-68. ISSN: 2011-2084. DOI: 10.21500/20112084.844.

 

Your analysis and outcomes will be directly impacted by the quality of
your data. Spending sufficient effort during the data cleansing step is
thus not a loss of time but rather a worthwhile investment in the
effectiveness of your investigation as a whole.

5.5: Analyzing the Data
Data analysis is a critical stage that occurs after the data has been
prepared. It includes four key functional elements: descriptive,
diagnostic, predictive, and prescriptive analytics. This multifaceted
approach is crucial for providing a comprehensive view of data and
making informed decisions.

 

To conduct an effective data analysis, it is crucial to select the
appropriate data analytics techniques. This should be done based on



the characteristics of the processed dataset, which are identified in the
questions-defining stage135. There are many analytical techniques
available, including, but not limited to, regression analysis,
exploratory data analysis, dimensional reduction techniques, machine
learning algorithms, and advanced analytics, as they were mentioned
in previous sections of this book.

 

These techniques provide unique insights into the data but should be
chosen carefully as each has its strengths and limitations. Selecting the
right method involves considering the nature of the data and the
specific objectives of the study. For example, if the objective is to
predict a continuous value, regression would be the suitable choice.
For instance, in a business context, it could be used to determine how
changes in a marketing budget might impact sales.

 

Exploratory data analysis (EDA) is a foundational technique that can
help to simplify high-dimensional data while retaining as much of the
original information as possible. On the other hand, dimensional
reduction techniques are particularly useful when dealing with
complex machine learning models or large datasets136.

 

Another technique is machine learning which allows us to go beyond
the simple analysis of past and current data and venture into
predictive analysis. For example, from the supervised machine
learning models, linear regression, K-nearest neighbor, support vector
regressor, and decision tree, can be employed to analyze financial
accounting data, including balance sheets, income statements, and



cash flow statement data137. These models helped in increasing
profitability, maximizing performance, and cu�ing costs by finding
more effective ways to run the firm.

 

Analyzing data is a complex process involving the application of
various techniques and the choice of a technique depends on the
nature of the data and the research objectives. Through proper
interaction with the data, analysts can draw meaningful insights and
make informed decisions.

5.6: Visualizing and Sharing the Findings
The data analytics process' crucial final steps include visualizing and
sharing the findings. Utilizing these tactics can assist in
communicating effectively and improving decision-making by
assisting stakeholders in appreciating the value of the data.

 

To make complex data sets easier to grasp and analyze, data
visualization is the activity of converting raw data into a graphical or
pictorial format138. Data is "played" via visualization by providing an
approachable, appealing format.

 

Understanding your message is the first step in producing good
visualizations. The sort of visualization to use—idea illustration, idea
generation, visual discovery, or everyday data visualization—is
determined by this comprehension139. For instance, we might produce
an "idea illustration" (the effective, efficient representation and
communication of difficult ideas, concepts, or facts through the use of



visual elements) if our goal is to make a declaration based on data-
driven knowledge. On the other hand, “visual discovery” (utilizing
interactive visual interfaces for data exploration and analysis) would
be more appropriate if we were looking at data-driven information.

 

To support the data-driven decision-making process, the data must be
successfully shared after they have been visualized. How you go about
doing this greatly relies on how well-versed in data analytics your
audience is. Visualizations can be very helpful in demystifying
complex data sets for audiences with limited technical knowledge.

 

Effective transitions can help to show linkages between facts and data
while sharing findings. These transitions aid readers in understanding
data-driven conclusions. By bridging the gap between data specialists
and business strategists, effective data analysis communication helps
improve comprehension of the value produced by data.

 

However, even the most persuasive visualizations might fail to
impress. One way to increase the probability of impressing the
audience is by telling stories through visualizations. Analysts must
consider the component of "data storytelling" as they communicate
their findings. This idea entails contextualizing the figures, telling a
story with the facts, and emphasizing the insights. Following the
example of the scientific picture word book, "1000 Words: Science:
Build Knowledge, Vocabulary, and Literacy Skills (Vocabulary
Builders),"140 it is also essential to use terminology that non-technical
stakeholders can understand.



 

The capacity to properly visualize and share discoveries is essential in
a world where decision-making is becoming more and more
dependent on data. Understanding these procedures will enable us to
maximize the benefits of our data analytics efforts, resulting in
strategic insights and well-informed judgments.

 



1.

2.

3.

Quiz
 

Which of the following is the first stage in the data analytics
process?

a. Collecting data
b. Analyzing the data
c. Visualizing and sharing the findings
d. Defining the questions

 

What type of data could be the sources for data analysts
when collecting data?

a. Consumer surveys
b. Purchase records
c. Social media activity
d. All of the above

 

What is an acceptable approach when data analytics does not
yield the desired results?

a. Stop the process and move to a different project.
b. Stick to the current strategy and do nothing.
c. Accept failure and try again using a different strategy.
d. Hire a new data analyst.

 



4.

5.

6.

Why is defining research questions important for a company
or research project?

a. To increase the budget of the project.
b. To prepare the ground for an effective data exploration

process and reveal useful insights.
c. To create a hierarchy in the organization.
d. To make the project more complicated.

 

What are the types of data analytics questions that can be
formulated?

a. Numeric, logical, and comparative
b. Descriptive, inferential, predictive, and prescriptive
c. Descriptive, philosophical, creative, and redundant
d. Inferential, practical, redundant, and descriptive

 

What does information literacy refer to in the context of data
analytics?

a. The capacity to use computers and software
b. The capacity to locate, assess, and make efficient use of

sources
c. The ability to write complex codes for data analysis
d. The ability to present data in a visually appealing way

 



7.

8.

9.

10.

How does big data change the field of scientific research and
data analytics?

a. By reducing the complexity of data
b. By limiting the amount of data for research
c. By changing the format of the data
d. By providing opportunities for deep data exploration and

unveiling the hidden context and possibilities

 

Why is the quality of your data heavily dependent on the
questions you pose?

a. Because the questions guide the data collection and
analysis process

b. Because data itself poses questions
c. Because questions help in sorting the data
d. Because questions help in data encryption

 

What is data collection?

a. The process of gathering and measuring information on
variables of interest in a systematic manner

b. The process of gathering any information
c. The process of measuring any information
d. None of the above

 

What are the two main types of data that can be collected?



a. Inferred and implied data
b. Direct and indirect data
c. Quantitative (numerical) and qualitative (non-numerical)

data
d. Physical and virtual data

 

Answers
1 - d 2 – d 3 – c 4 - b 5 - b

6 - b 7 – d 8 - a 9 - a 10 - c

 

 

 



Chapter Summary

⬧ Data analytics involves a multi-step process that includes
defining the problem, collecting relevant data, cleaning the
data, analyzing it, and finally, visualizing and sharing the
findings.

⬧ This process helps to make educated judgments, predict
future trends, and enhance an organization's overall
operational efficiency.

⬧ The first crucial step in any data analytics process is defining
the research questions, which sets the stage for effective data
exploration and extracting valuable insights. This requires
understanding the data, its source, and its nature. The quality
of the questions is highly important, as it impacts the quality
of the data and subsequently, the insights derived.

⬧ Questions in data analytics can be descriptive, inferential,
predictive, or prescriptive, each requiring different types and
levels of analysis.

⬧ Data collection is a systematic process of gathering and
measuring information on variables of interest, involving
meticulous planning to ensure accuracy and reliability of the
collected data, which can be either quantitative (numerical) or
qualitative (non-numerical).

⬧ Depending on the research goals, different techniques such as
surveys, interviews, observations, or the use of pre-existing



information may be employed for data collection.

⬧ Data cleansing is an essential phase in data analytics where
potential data inconsistencies or flaws are identified and fixed
to improve data quality.

⬧ The detailed processes of data cleansing include data
validation, data screening, diagnosing phase, de-duplication,
handling of invalid data, dealing with missing data, and
dealing with outliers.

⬧ The data analysis process comprises four key functional
elements: descriptive, diagnostic/inferential, predictive, and
prescriptive analytics.

⬧ It's vital to select the right data analytics techniques based on
the nature of the data and research objectives, which could
range from regression analysis to machine learning algorithms
and advanced analytics.

⬧ Data visualization is a critical part of the data analytics
process, converting raw data into graphic formats to make it
easier to understand and analyze. The type of visualization to
use depends on the message that needs to be communicated.

⬧ After visualization, data needs to be effectively shared,
keeping in mind the level of data analytics knowledge of the
intended audience.
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BIG DATA ANALYTICS
Big data analytics finds use across various industries, promoting
growth, efficiency, and innovation. It involves examining,
analyzing, and interpreting large and diverse sets of data, known
as 'big data', to discover pa�erns, correlations, trends, and insights
that can guide decision-making within organizations.
 
The key learning objectives of this chapter include the reader’s
understanding of the following:

More details regarding what big data really is
The challenges of big data analytics
The technologies of big data analytics
Several case studies of big data analytics
The future of big data analytics

 

6.1: What is Big Data?
We have seen a significant trend toward the "datafication" of social
and environmental activities in this digital age141. Every interaction
and every activity generates a data trail. We collectively refer to this



enormous digital footprint as "big data." But what exactly is big
data?

 

Big data is a term used to describe data sets whose size or kind are
too complex for traditional relational databases to properly store,
manage, and process. It consists of numerous types of data in
amounts ranging from terabytes to ze�abytes, including structured,
semi-structured, and unstructured data from various sources. In
other words, big data refers to the high volume, high velocity (the
rate at which data is captured and the rate of data flow), and high
variety of data142.

 

The different types of data structures are: unstructured, quasi-
structured, semi-structured, and structured. It has been estimated
that 80 to 90% of future data growth comes from the non-structured
data.

 

Artificial intelligence (AI), mobile technology, social media, and the
Internet of Things (IoT) are commonplace in the digital age, which
contributes to data complexity and introduces new types and
sources of data. These developments in technology have produced a
dynamic environment where data is continuously produced in real-
time and at a never-before-seen scale.

 

While the term "big data" may be contemporary, the phenomenon
itself is not. Many contend that techniques like those used in the



management and analysis of big data have been around for a long
time and go by many names, including statistics, analytics, and
business intelligence.

 

Big data is used and influenced widely throughout various fields
and industries. Big data is employed in the field of healthcare to
analyze numerous patient data types, such as genomic sequences,
physiological measures, and individual responses to treatment,
ultimately leading to be�er diagnosis and care143. Another example
is how transportation data on traffic flow, geographic and
environmental variables, and human behavior are combined to
create safety measures for driverless cars.

 

Academic institutions and libraries, which are frequently viewed as
pillars of knowledge, are also included. Librarians are faced with the
difficulty of figuring out their role in the processing of big data and
how to use it to build be�er services due to the enormous and
complex data collected in these institutions144. In fact, today there is
much more available data than our ability to do something with it.

 

Figure 6.1 illustrates the great amount of data generated in the last
few years.



Source: Stewart, M. 2019. Handling Big Datasets for Machine
Learning. Towards Data Science. URL:
h�ps://towardsdatascience.com/machine-learning-with-big-data-
86bcb39f2f0b.

 

Big data must be used properly, just like any technology, and this
requires informed users. Data misuse and misinterpretation can
happen when it falls into the wrong hands. However, when used
properly, big data can help uncover insights, resolve problems, and
even improve the world.

 

Did you know that currently Google
processes more than 40,000 search
requests per second on average? That
amounts to more than 3.5 billion
searches daily and 1.2 trillion
searches annually globally145. Big
data analytics has its playground in
this enormous amount of data.



 

Text analytics, machine learning, predictive analytics, data mining,
statistics, and natural language processing are some of the methods
used in big data analysis. With the help of these state-of-the-art
analytics methods, analysts, researchers, and business users may
now quickly and more accurately make decisions by utilizing data
that was previously unavailable or unsuitable.

 

To sum it up, big data has already begun to transform the way we
live, work, and think. The ongoing development of big data
technology offers both benefits and difficulties. It is crucial that we
create efficient strategies to use this data to the advantage of society,
business, academia, and government as we continue to produce and
collect more data146.

 

6.2: Challenges of Big Data Analy�cs
Big data analytics (BDA) has demonstrated a remarkable capacity for
delivering insights that support reasoned decision-making147. But
despite its size and strength, big data poses a special set of problems
that companies and data scientists must address.

 

High data volume, velocity, and variety
Big data refers to huge, diverse, and rapidly growing databases and
is characterized by the "3Vs" - volume, velocity, and variety148. The
vast amount of data presents a formidable challenge because it



necessitates extensive storage capacities. Additionally, the high rate
of data generation necessitates real-time or nearly real-time
processing, which puts traditional systems' processing power to the
test. The variety of data, including structured, unstructured, and
semi-structured data, necessitates the use of powerful and adaptable
data management and processing tools149.

 

Bo�lenecks in scalability and storage
Organizations frequently struggle to scale their storage and
processing capacities in response to the constant rise in data volume
and velocity. Scalability is a problem for data-intensive applications
since they need adequate storage and processing mechanisms to
accommodate enormous volumes of data150. Massive data storage
also frequently causes bo�lenecks in the data analysis pipeline,
which slows down the entire procedure.

 

Noise accumula�on and spurious correla�on
Big data often results in the accumulation of noise, which is
irrelevant or incorrect data that might skew results, due to its
increased volume and dimensionality. This buildup of noise can lead
to erroneous correlations, which show associations between
variables that don't exist. Such erroneous associations may result in
misleading conclusions and poor decision-making.

 

Incidental endogeneity and measurement errors



In big data, endogeneity problems, where predictors in a model are
linked with the error term, frequently occur and impair the accuracy
of the findings. Statistical inferences may be incorrect because of this
incidental endogeneity.153 Furthermore, because big data comes
from so many different sources, measurement errors are frequent
and have a substantial impact on the accuracy of the data and
subsequent analyses.

 

Complex data visualiza�on and analysis
Big data involves more than just managing huge amounts of data; it
also involves interpreting that data. Big data analysis, which
includes data collection, storage, management, analytics, and
visualization, poses several difficulties. To extract valuable insights
from the data, these stages' complexity frequently necessitates the
employment of sophisticated analytics and visualization tools.152

 

Requirement for robust infrastructure
Big data processing demands a stable and trustworthy
infrastructure. The computational demands of big data are
frequently not met by traditional systems. To effectively handle and
analyze huge datasets, high-performance computing systems and
parallel processing techniques are therefore required151.

 

In conclusion, big data analytics has enormous potential but also
poses formidable obstacles. To successfully manage and gain
insights from big data, organizations wanting to use it must be



aware of these obstacles and invest in the right tools, technologies,
and procedures. In addition to giving firms a competitive advantage,
overcoming these obstacles will promote innovation and growth
over the long term.

 

6.3: Technologies for Big Data Analy�cs
The practice of big data analytics (BDA) has become crucial in the
current digital environment. BDA uses numerous important
technologies to deliver substantial insights for various disciplines,
from healthcare to business to smart sustainable cities152. It is
characterized by the analysis of huge amounts of varied data from
multiple sources at unprecedented speeds153.

 

Cloud computing is one of the fundamental technologies that
underpin BDA. The cloud allows scalable, economical solutions for
managing big data volumes by acting as a platform for data storage
and computation. It enables companies of all sizes to access the
power of big data without needing to make substantial
infrastructure investments154.

 

For instance, big data analytics-as-a-service (BDaaS) utilizes the
cloud's scalability to eliminate the communication gap between data
scientists and security experts. These experts can avoid the skills gap
in both the security and data science domains by using BDaaS to
jointly deploy analytics processes in real-time155.



 

Data generation for BDA is also greatly aided by the Internet of
Things (IoT). The growth of big data is fueled by IoT devices like
sensors and smartphones that continuously collect and transmit
data. Data from IoT devices, for instance, can enhance global health
initiatives, patient care, and diagnostics in the healthcare industry156.

 

In terms of analysis, large data can be effectively analyzed using two
main technologies: machine learning (ML) and artificial intelligence
(AI). While AI can simulate human-like decision-making processes,
ML algorithms can learn from the data to make predictions and
suggestions, increasing efficiency and accuracy in difficult jobs157.

 

For instance, deep learning-based algorithms have proven their
ability to anticipate complicated weather pa�erns from huge data
sets in the field of weather forecasting158. Similar to this, AI
techniques have been applied to healthcare to optimize patient care
and provide decision support.

 

Another technology for big data analytics is MapReduce.
MapReduce and similar frameworks are essential for processing and
analyzing massive data in parallel across distributed clusters. The
Map function processes and organizes data into key-value pairs,
which are then processed by the reduce function to produce
insightful results159.

 



Optimizing your “Map” and
“Reduce” functions for efficiency is
crucial when utilizing MapReduce in
big data analytics160. Write clear,
simple code that efficiently filters and
arranges your data during the “Map”
phase. For the “Reduce” step to
manage the aggregation smoothly,
make sure it is as lean as feasible. In
this manner, you may process
enormous datasets more quickly and
effectively with MapReduce tasks,
saving time and computational
resources.

 

Although these technologies offer strong resources for handling and
interpreting big data, it's important to be aware that they can present
difficulties. In a time of growing datafication, privacy and security
are top priorities161. Big data's analytical power also necessitates
ethical considerations surrounding its application and potential for
abuse. Despite these obstacles, big data analytics holds the potential
for informing decision-making and resolving complicated issues.

6.4: Case Studies in Big Data Analy�cs
Companies are operating in a completely new way thanks to big
data, which gives them a competitive edge by enabling them to
comprehend and strategically exploit complicated client



behaviors162. This subchapter's case studies on big data analytics will
demonstrate how various industries use this tool to gain competitive
advantages.

 

Case Study 1: Walmart and retail analy�cs
Walmart, one of the biggest retailers in the world, leverages big data
to improve the shopping experience for its customers. Walmart uses
data mining to find trends in consumer behavior that they can then
utilize to provide tailored product suggestions. Big data analytics
were used by Walmart to improve consumer conversion rates,
securing its position as a top international retailer163.

 

Case Study 2: Ne�lix entertainment analy�cs
Netflix uses big data in the entertainment industry to analyze
viewing behavior and adjust content accordingly. Around 75% of
viewer behavior is influenced by personalized recommendations
that are generated using data from viewer activity. This strategy not
only enhances the viewing experience but also greatly aids in
business expansion164.

 

Netflix's recommendation engine is a sophisticated technology that
customizes content recommendations for every user. To determine
preferences, it makes use of a variety of data points, such as watch
history, user ratings, and search queries. In order to suggest related
content, the system also takes into account the nature of the shows,
such as their genre and performers. Viewing pa�erns on various



platforms (phones, tablets, and TVs) are taken into consideration,
along with the context of program pauses and re-watches.
Furthermore, the amount of time a user spends on end credits—also
referred to as credit calculation—helps determine interest levels.
With this all-encompassing strategy, Netflix is able to offer every
user a unique and captivating viewing experience.

 

Case Study 3: American Express and predic�ve analy�cs
American Express created algorithms that examine previous
transactions and other factors to predict potential churn in order to
employ big data analytics to predict client loyalty. They can take
proactive client retention actions by using this technique to identify
24% of accounts that could close during the following four
months165.

 

By examining historical transaction
data to anticipate spending pa�erns
and identify possible fraud, American
Express uses predictive analytics to
enhance customer experience and
stop fraud166. Atypical high-value
transactions are flagged in real-time,
allowing the business to promptly -
stop fraud. By lowering fraudulent
activity, this tactic protects consumers



and helps American Express save
millions of dollars annually.

 

Case Study 4: Aetna's health analy�cs
Big data is used by healthcare giant Aetna to enhance patient
outcomes. The business can concentrate on treating one or two risk
factors that will have the biggest effects on enhancing health by
reviewing the outcomes of tests that detect metabolic syndrome and
evaluating risk factors. According to Petersen (2023), a significant
number of patients benefit from this focused strategy, which
improves medication compliance and promotes proactive health
checks.

 

Case Study 5: Google Analy�cs for search and adver�sing
Finally, the internet giant Google uses big data to improve its
fundamental search and ad-serving algorithms. It continuously
creates new services and products using big data analytics167. The
company's effective big data strategy is essential to preserving its
position as the top search engine in the world.

 

In summary, big data analytics is being used across industries to
leverage the power of data, whether it be in retail, entertainment,
finance, healthcare, or technology. It helps in deciphering complex
pa�erns, foreseeing trends, improving customer satisfaction, and
boosting corporate results. These case studies demonstrate the
revolutionary potential of big data analytics and give an idea of



what data-driven decision-making may look like in the future. Big
data enthusiasts will undoubtedly have a competitive advantage in
today's economy.

6.5 The Future of Big Data Analy�cs
The world's transformation into a "datafied" society has left a
massive digital imprint, and the resulting big data has emerged as a
research gold mine. Big data analytics will be shaped by a variety of
new technology developments, inventive approaches, and
emerging challenges.

 

Future developments in data analytics will heavily rely on artificial
intelligence (AI) and machine learning (ML). These sophisticated ML
algorithms can quickly process and evaluate enormous amounts of
data while enhancing their performance. Together with predictive
and prescriptive analytics, this constant self-improvement equips
organizations with insightful data.

 

Additionally, the idea of "augmented analytics," which refers to the
automation of insights using machine learning and natural language
processing (NLP), is gaining popularity. By offering a method to
handle the difficulties of expanding data volumes, it represents a
promising advancement in big data analytics168.

 

 



Big data analytics in the healthcare industry offers be�er patient
outcomes through individualized treatment plans169. Studies on
population nutrition and traffic safety are two more applications of
big data analytics that have promise.

 

Another industry where big data analytics and AI have made
significant strides is education. Educational institutions can provide
tailored learning experiences and be�er evaluation techniques by
utilizing these technologies170.

 

Despite the enormous advantages of big data analytics, it's critical to
comprehend their difficulties. To maximize value, businesses must
consider the many kinds of analytics applications and tools171.

 

Data management and storage are also made more difficult by the
exponential development of data. Additionally, there is a growing
gap in the availability of skilled data scientists and analysts,
necessitating the development of novel solutions.

 

Businesses are anticipated to completely operationalize their big
data plans as time goes on, which will increase the amount of
streaming data and analytics infrastructures. The use of big data
analytics will continue to grow and become integral to strategic
company planning. To get to this future, rigorous preparation and
strategic investments are needed to successfully traverse the
changing big data analytics world.



 

In conclusion, big data analytics has a bright future ahead of it, one
that is rife with both potential and difficulties. Businesses must make
sure they have the skills and resources to take advantage of the
opportunities.

 



1.

2.

3.

4.

Quiz

What is "big data"?

a. Small chunks of structured data
b. Data sets that are too complex for traditional databases to

properly store, manage, and process
c. Only structured data from a single source
d. Random data collected from the Internet

 

What are the types of data included in big data?

a. Structured data only
b. Unstructured data only
c. Semi-structured data only
d. Structured, semi-structured, and unstructured data

 

Which of the following fields is not influenced by big data?

a. Healthcare
b. Transportation
c. Academic institutions and libraries
d. None of the above

 

Which of the following is a potential risk of big data?

a. It can help uncover insights



5.

6.

7.

b. Data can be misused and misinterpreted when it falls into
the wrong hands

c. It can be sed to resolve problems
d. It can improve the world

 

What are the "3Vs" that characterize big data?

a. Volume, variation, variety
b. Volume, velocity, variety
c. Velocity, volume, versatility
d. Variety, volume, visibility

 

Which of the following is a major issue associated with data-
intensive applications in big data analytics?

a. Lack of data sources
b. Scalability
c. Irrelevant data sources
d. Easy data visualization

 

What does noise accumulation in big data refer to?

a. Increased data storage
b. Rapid growth of databases
c. Irrelevant or incorrect data that might skew results
d. Errors in data visualization tools

 



8.

9.

10.

In the context of big data, what is incidental endogeneity?

a. A situation where predictors in a model are linked with the
error term

b. The occurrence of spurious correlations due to noise
accumulation

c. The process of scaling storage and processing capacities
d. The complexity involved in big data visualization and

analysis

 

Which of the following fields can benefit from big data
analytics (BDA)?

a. Healthcare
b. Business
c. Smart sustainable cities
d. All of the above

 

What does big data analytics-as-a-service (BDaaS) utilize to
eliminate the communication gap between data scientists
and security experts?

a. Machine learning
b. Cloud's scalability
c. Internet of Things
d. MapReduce

 

Answers 1 – b 2 – d 3 – d 4 – b 5 – b



6 – b 7 – c 8 – a 9 – d 10 - b

 

 

 
 



Chapter Summary

⬧ The term "big data” is one of the key concepts in this field of
data analytics.

⬧ Big data is the term used to describe massive, intricate
datasets gathered from various sources that are too large or
complex for typical databases to handle.

⬧ Data complexity has increased due to the digital age and
technological breakthroughs like artificial intelligence (AI),
mobile technology, social media, and the Internet of Things,
which have led to the continuous real-time production of this
data at previously unheard-of scales.

⬧ Big data analytics, despite its potential for valuable insights,
presents unique challenges: the 3 Vs (high volume, velocity,
variety), bo�lenecks in scalability and storage, noise
accumulation and spurious correlation, incidental
endogeneity and measurement errors, complex data
visualization and analysis, requirement for robust
infrastructure.

⬧ To analyze vast and diverse data, big data analytics (BDA)
makes use of critical technologies like cloud computing, the
Internet of Things (IoT), machine learning (ML), and artificial
intelligence (AI).

⬧ These technologies provide important insights across a range
of industries, including healthcare, business, and smart



sustainable cities.

⬧ Several case studies on big data analytics were presented in
this chapter to demonstrate how various industries use big
data analytics to gain competitive advantages: Walmart and
retail analytics, Netflix entertainment analytics, American
Express and predictive analytics, Aetna's health analytics, and
Google analytics for search and advertising.

⬧ Future advances in data analytics will heavily rely on
machine learning (ML) and artificial intelligence (AI), enabling
quick processing and evaluation of enormous data quantities.

⬧ The volume of streaming data and analytics infrastructures
will increase as businesses are expected to fully operationalize
their big data strategies. Consequently, for organizations to
succeed in the evolving big data analytics landscape, careful
planning and strategic investments are required.
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ETHICS AND PRIVACY IN DATA
ANALYTICS

As data analytics continues to evolve, striking a balance between
innovation and ethical responsibility becomes increasingly
challenging but imperative. Businesses, researchers, and
policymakers alike must commit to responsible data practices to
ensure a fair and transparent digital future.
 
The key learning objectives of this chapter include the reader’s
understanding of the following:

The most crucial aspects regarding the ethics in data
analytics: the human factor, privacy and consent, and
discrimination and fairness
The description of the three significant privacy concerns:
improper data collection methods, insufficient data security,
and the unethical use of data
A description of the 2 main types of regulations: data
privacy laws and financial regulations;
The best practices that must be adopted by companies to
ensure they comply with the regulations
The likely future of ethics and privacy in data analytics.



7.1: Ethics in Data Analy�cs
The oversimplified perspective that portrays data analytics as a
neutral, all-knowing process may hide some crucial ethical
problems. Let's talk about these points in order to comprehend the
ethical context of data analytics.

 

The human factor
The human factor in the analysis process is one of the key ethical
debates in data analytics. Data science is frequently misunderstood
to be an analysis process that uses only automated techniques. This
viewpoint could overshadow the importance of the process's human
decision-makers172. Data scientists' involvement and strategic
guidance are required for data analytics tools.

 

However, because they decide which data to take into account and
how to interpret them, these professionals' decisions might
occasionally result in biases. In order to ensure that data analytics is
a transparent process, giving proper credit to the human effort, and
recognizing the possibility of human biases, ethical consideration
must be given.

 

Privacy and consent
In the case of Cambridge Analytica, millions of users' personal
information was unlawfully obtained and exploited for political
advertising. Significant privacy concerns were brought to light by
this controversy, and it also raised ethical concerns about the use of



data to sway elections and voter behavior. The Cambridge Analytica
incident serves as a reminder of the dangers of exploiting personal
data without explicit authorization in light of the increasing
relevance of data privacy173.

 

To guarantee that data is handled responsibly and ethically, ethical
standards must be upheld as dealing with sensitive personal data is
a common part of data analytics. Important ethical considerations in
this regard include appropriate anonymization procedures, secure
data storage, and the use of personal data only with informed
consent.

 

Discrimina�on and fairness
Another important topic in data analytics ethics is algorithmic
discrimination. Algorithms may unintentionally reinforce or even
exacerbate societal prejudices that already exist in the data they are
trained on as they learn from it174.

 

For instance, if historical data shows that specific racial or
socioeconomic groups have a record of loan defaults, an algorithm
might link increased credit risk with these groups. This poses a
serious ethical problem since it could result in biased outcomes that
marginalize some groups.

 

It's crucial to create algorithms with fairness in mind, continuously
check their output for indications of bias, and recalibrate them as



necessary to encourage fair and equal results to mitigate this.

 

In conclusion, a wide range of complicated topics, including human
involvement, privacy and consent, and fairness are covered in the
debate on the ethics of data analytics. These ethical issues will grow
more significant as data science develops, influencing how we
manage and interpret data in a world that depends on it more and
more.

 

With this knowledge, we may be�er recognize the significance of
ethical considerations in data analytics and work to create a society
where data is used responsibly.

 

Did you know that over 2.5
quintillion bytes of data are created
every day175, yet much of this data
contains personal information? GDPR
and other ethical guidelines, as well
as privacy laws, are intended to
safeguard sensitive data in the data
analytics industry. Notwithstanding
these steps, a survey reveals a
substantial ethical oversight gap: just
52% of businesses verify that their
analytics solutions adhere to ethics
standards.



7.2: Privacy in Data Analy�cs
Data analytics can be quite a boon, providing unparalleled insights
into customer behavior, predictive modeling, and operational
efficiency. But like all great powers, it comes with great
responsibility, particularly concerning privacy. So, let's break it
down, shall we?

 

First off, the advantages of data analytics in, say, marketing are
undeniable. By understanding customer behavior, companies can
enhance their marketing strategies. However, this does beg the
question: How much should companies know about you?
Researchers have found that trust in business practices is crucial to
responsibly handling this data176.

 

There are three significant privacy concerns you should be aware of.
These include improper data collection methods, insufficient data
security, and the unethical use of data. Fortunately, there are ways
for businesses to mitigate these risks.

 

Improper data collec�on
A lot of companies collect more data than they actually need. This is
a ticking time bomb when it comes to privacy concerns. As a step of
the data analytics process, data collection offers unique
opportunities for implementing privacy measures early in the
process, which can ensure “privacy by design” 177. According to the



General Data Protection Regulation (GDPR), data collection is the
responsibility of the processor.

 

Insufficient data security
If the data isn't encrypted and properly safeguarded, the risks of a
data breach increase. Such incidents can have catastrophic effects,
both for the company and the individuals whose data is
compromised178.

 

Unethical use of data
Using data for purposes other than what was initially agreed upon is
not just bad manners; it's an invasion of privacy. Individuals must
trust that organizations will meet their commitments, act reliably,
and not use their data in an unethical or opportunistic way179.

 

By creating and rigorously enforcing
a data ethics policy in line with moral
and legal requirements, businesses
may stop unethical data practices.
Employee data handling training,
ge�ing active consent for data
gathering, guaranteeing openness in
data usage, and upholding stringent
data access rules should all be
important components of this
strategy. Conducting routine audits is



vital to guarantee continued
adherence to these moral guidelines.

 

Predic�ve analy�cs and privacy
Predictive analytics brings up a particular privacy concern. By
utilizing the data left by millions of other users, predictive analytics
predicts sensitive information about individuals or groups from less
sensitive or more easily accessible information (proxy data), possibly
without the knowledge of the data subjects (figure 7.1). This poses a
new problem for data ethics and privacy regulation as, in this case,
privacy is jeopardized by information that is revealed by several
people rather than by the subjects themselves (i.e., by networked
service users as uninvited providers of training data). If the
information shared by numerous unconnected, possibly even
anonymous users aids in estimating sensitive information about
users who might not be represented in the training data, it presents a
qualitatively new data protection risk180.

 

Figure 7.1 Prediction of sensitive from less sensitive information

Source: Muehlhoff, R. 2021. Predictive privacy: towards an applied
ethics of data analytics. Ethics and Information Technology. DOI:
h�ps://doi.org/10.1007/s10676-021-09606-x.

https://doi.org/10.1007/s10676-021-09606-x


 

The rules of data privacy are changing, largely because people are
becoming more aware of the value of their personal data. This
recognition has given rise to new kinds of data custodians and
representatives, who facilitate data-sharing arrangements based on
consent.

 

Some argue that data analytics challenges fundamental privacy
protections, while others believe that our privacy requirements are
obstacles to the benefits of advanced analytics. But, in reality, big
data and privacy are not mutually exclusive. It's more about striking
a balance between the two181.

 

Data analytics offers extraordinary benefits, but it's not a free-for-all.
The companies that will succeed in this landscape are those that
respect privacy as a fundamental human right. They'll collect only
the data they need, keep it safe, and use it responsibly. Most
importantly, these companies will build a bridge of trust with you,
the consumer, making it a win-win for everyone involved.

 

So, as we delve deeper into this era of digital transformation, let's
not lose sight of the importance of respecting each other's privacy.
The exciting advancements in data analytics should empower us all,
not compromise our fundamental rights.

 



7.3: Regulatory Frameworks for Data Analy�cs
It's essential to understand why regulation is crucial in data
analytics. As data becomes increasingly valuable, the potential for
misuse grows exponentially. Here, regulations work like traffic
lights, guiding your journey through data analytics while keeping
you and others safe.

 

There are 2 main types of regulations: data privacy laws and
financial regulations.

 

GDPR in Europe, CCPA in the U.S., and the Chinese Personal Data
Protection Law (PIPL) are game changers in data privacy systems of
laws. These privacy laws control the processing of personal data by
imposing requirements on businesses and giving users rights, which
may have an influence on value for both businesses (by increasing
costs) and users (by boosting utility from greater privacy).

 

People now have the "right to be
forgo�en," which enables them to ask
for the deletion of their personal data,
thanks to the GDPR182. Google
consequently received more than 2.4
million requests to use this privilege
to remove URLs from its search
engine. Companies now need to
make sure they can efficiently forget



data in addition to being able to
analyze it with expertise. This has
completely changed the landscape of
data analytics!

 

Regardless of the business models used, entities handling substantial
amounts of personal data are required to adhere to relevant data
protection laws. In Europe, four key components, according to the
European Data Protection Supervisor (EDPS), are necessary for the
responsible and sustainable development of big data183:

● organizations need to be much more transparent about how
they process personal data;

● users need to have more control over how their data is used;
● user-friendly data protection needs to be incorporated into

their products and services;
● organizations need to take greater responsibility for their

actions.
These components are depicted as well in Figure 7.2.

 
Figure 7.2  The four components necessary for the responsible and 
sustainable development of big data



Source: European Data Protection Supervisor. 2015. Meeting the
challenges of big data. EDPS Publication, Opinion 7/2015.

 

Privacy by default is a key component of the GDPR framework.
Contrarily, the CCPA focuses on adding a layer of transparency to
California's data-related economic activity and informing its users of
their data rights.

 

Because businesses that operate in this industry rely significantly on
processing personal data to offer customers individualized products,
the impact of privacy legislation on the value created in the online
advertising industry is likely to be significant184.

Regarding the financial regulations, for businesses in the financial
sector, specific regulations like Sarbanes-Oxley185 or Basel III186

stipulate how data must be managed, safeguarded, and reported.
These rules help to mitigate risks and ensure the integrity of
financial markets.

 



It is important to point out that emerging technologies are
presenting challenges to traditional regulatory models187. One such
challenge is the fluidity of data, which can easily cross borders,
making it tricky to determine which jurisdiction's laws apply. In the
U.S., the Code of Federal Regulations serves as a primary source for
various federal rules, including those affecting data analytics. It's a
living document that evolves to incorporate new technological
advancements.

 

Some of the best practices for ensuring the compliance with the
formal regulations are:

● Mind the quality of your data management: Ensure your
data is of high quality by using robust data models. It helps
not only in meeting compliance standards but also in
generating business value.188

● Regular audits: Carry out periodic audits to ensure that your
data handling practices align with current regulations.

● Stay updated: Laws and regulations are continuously
evolving. Keep yourself updated with the latest amendments
to avoid any future mishaps.
Regulatory frameworks in data analytics are not just hoops
to jump through; they're essential guidelines that protect
both businesses and individuals. So, while they may seem
cumbersome, they are instrumental in creating a more ethical
and secure data landscape. By following these rules and best
practices, you're not just following the law; you're
contributing to a culture of integrity and trust in the field of
data analytics.

7.4: Future of Ethics and Privacy in Data Analy�cs



Although algorithms and data-driven technology provide us with
many advantages, the issue of ethics and privacy still remains a
source of potential problems in the near future.

 

The moral landscape
First of all, the moral landscape is expanding.  In a data-driven 
society, we interact more and more with machines and algorithms. 
The emerging ethical conundrums are exciting. How much 
information about us, for instance, should an algorithm be given 
access to? In order to address the ethical implications of data 
generation, storage, and consumption, the idea of "data ethics" has 
emerged189.

 

The new frontier of data privacy

In the era of big data, privacy is not only a problem but also a basic
right. With increasingly sophisticated data analytics technologies
comes a higher risk of privacy infringement. What information
should be collected ethically, we must ask ourselves. Who has the
authority to examine it? The GDPR in Europe is a start, but there
needs to be a global standard190.

 

Frameworks and certifications for ethics

Expect to see firms giving certificates for ethical data practices in the
near future. Similar to how they currently do with organic or Fair-
Trade labels, businesses will proudly display these. These
frameworks will not only provide guidelines for the appropriate use
of data but also serve as a benchmark for consumers.



 

Machine learning and AI

Another level of ethical complexity has been added by the
development of AI and machine learning. For instance, it has been
demonstrated that racial prejudice exists in predictive policing
algorithms191. It is the responsibility of data scientists to make sure
that algorithms are morally and practically sound.

 

Ethical data sharing

When it comes to sharing user data without specific authorization,
data sharing between businesses can be tricky. More stringent ethical
standards for data sharing may necessitate external audits to verify
compliance.

 

The human dimension

In the future, data science education will place more emphasis on
human values and empathy. It will be just as important to
comprehend the effects of data on human lives as it will be to
comprehend the data itself.

 

Consumer awareness

Consumers will probably be more knowledgeable and cautious
about their data in the not-too-distant future. Businesses will need to
be open about how they use customer data, possibly integrating this
information into their product interfaces so that customers can see it
right away.



 

Governmental rules

Last but not least, government rules will have a big impact on how
ethical data analytics is done. Different models, ranging from rigid
regulatory frameworks to more flexible, market-driven approaches,
may be adopted by nations.

 

So what can we anticipate? In the future, data analytics will be
ethical and respectful of personal information in addition to being
smart. Everyone has a part to play in this continuing journey,
including data scientists, policymakers, and you. The good news is
that as we become more aware of these problems, a future that is not
only technologically advanced but also morally responsible begins to
emerge.

 

 



1.

2.

3.

Quiz

Which of the following is NOT a key ethical debate in data
analytics?

a. The human factor in the analysis process
b. Privacy and consent
c. Algorithmic discrimination
d. The use of automated techniques

 

Which of the following is NOT an important ethical
consideration in data privacy?

a. Appropriate anonymization procedures
b. Secure data storage
c. The use of personal data only with informed consent
d. The use of data analytics tools

 

Which of the following is an example of algorithmic
discrimination?

a. An algorithm that predicts which customers are most likely
to default on a loan

b. An algorithm that recommends products to customers
based on their past purchases

c. An algorithm that determines which news stories are most
likely to be clicked on by users

d. D) An algorithm that classifies images of cats and dogs



4.

5.

6.

 

Which of the following is the best way to mitigate
algorithmic discrimination?

a. Create algorithms with fairness in mind
b. Continuously check the output of algorithms for

indications of bias
c. Recalibrate algorithms as necessary to encourage fair and

equal results
d. All of the above

 

Which of the following is NOT a way to ensure that data is
handled responsibly and ethically?

a. Use appropriate anonymization procedures
b. Secure data storage
c. Use personal data only with informed consent
d. Share data with other organizations without their

knowledge or consent

 

What is one of the key advantages of data analytics in
marketing?

a. Improving data encryption
b. Reducing operational costs
c. Enhancing marketing strategies
d. Improving data collection methods

 



7.

8.

9.

What are the three major privacy concerns mentioned in the
text?

a. Data encryption, data redundancy, data sharing
b. Improper data collection, insufficient data security,

unethical use of data
c. Data availability, data durability, data reliability
d. Data standardization, data optimization, data visualization

 

What does the term "privacy by design" refer to?

a. The aesthetic aspects of privacy
b. Implementing privacy measures at the end of the data

analytics process
c. The General Data Protection Regulation (GDPR)
d. Implementing privacy measures early in the data analytics

process

 

Why are the rules of data privacy changing?

a. Because companies are collecting less data
b. Because people are becoming more aware of the value of

their personal data
c. Because the General Data Protection Regulation (GDPR)

has been revoked
d. Because of the decline in the use of data analytics

 



10. According to the text, which of the following is most
important for companies to succeed in the landscape of data
analytics?

a. Collecting as much data as possible
b. Ignoring privacy concerns
c. Respecting privacy as a fundamental human right
d. Focusing solely on operational efficiency

 

Answers
1 - d 2 - d 3 - a 4 - d 5 - d

6 - c 7 - b 8 - d 9 - b 10 - c

 

 



Chapter Summary

⬧ Some crucial ethical problems relate to: the human factor,
privacy and consent, discrimination and fairness;

⬧ There are three significant privacy concerns: improper data
collection methods, insufficient data security, and the
unethical use of data;

⬧ There are 2 main types of regulations: data privacy laws
(GDPR in Europe, CCPA in the U.S. and the PIPL in China)
and financial regulations (like Sarbanes-Oxley or Basel III);

⬧ Some of the best practices for ensuring the compliance with
the formal regulations are: mind the quality of your Data
Management, have regular audits and stay updated;

⬧ To future of ethics and privacy issues in data analytics will 
imply the following: an expanding moral landscape, privacy 
will become a basic right,  firms will start giving certificates 
for ethical data practices, the development of AI and machine 
learning will increase the risk of racial prejudices in predictive 
algorithms and this must be mitigated, there will be an 
increased need for external audits for controlling the ethics of 
data sharing, data science education will place more emphasis 
on human values and empathy, consumers will become more 
aware of their data privacy, governments will adopt more
rules concerning ethical and privacy aspects of data. 
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REAL-WORLD CASE STUDIES
ON DATA ANALYTICS

Data has been described as the "new oil" of the modern day, with
firms utilizing it to obtain insights, streamline processes, and soar
to new heights. The range of data's applications grows along with
its volume. This chapter focuses on three unique yet enlightening
case studies.
 
The key learning objectives of this chapter include the reader’s
understanding of the following:

To learn how Walmart employs data analytics to boost sales
in the retail industry by be�er understanding customer
preferences and streamlining its supply chain.
To learn how Netflix's success in the streaming sector
comes not only from its content but also from the way it
leverages viewer data to suggest new shows and decide
what else to produce.
To learn how data analytics was crucial in the healthcare
industry in accelerating clinical trials and enhancing the
efficacy and distribution of the Oxford/AstraZeneca
COVID-19 vaccine, which ultimately resulted in lifesaving
measures.



 

Through these case studies, readers will learn about data analytics'
practical applications as well as its technical features, demonstrating
how it has the potential to change several industries.

8.1: Case Study 1: Walmart - Transforming Retail
through Data Analy�cs

One of the largest retailers in the world, Walmart, has transformed
its inventory management using data analytics. We'll look at how
Walmart has maintained its efficiency, competitiveness, and
responsiveness to customer needs using data-driven tactics.

 

Let's first understand Walmart's scale before diving into the specifics.
It takes skill to effectively manage inventory with over 11,000 outlets
across more than 25 countries, selling about 140,000 products in its
supercenters, having more than 35 million daily customers192. To
satisfy local demand and avoid extra inventory that can result in
waste and higher expenses, Walmart must make sure that each shop
is adequately stocked.

 

In the past, shopkeepers managed their inventory using hand
counts, information from previous sales, and their instincts. This
strategy frequently resulted in situations of stockouts (missing key
supplies) or overstocks (money locked up in unsold goods). Profits
and customer confidence could be severely harmed by ineffective
inventory management.



 

Walmart has modernized conventional procedures by integrating
big data analytics into its inventory management. To estimate
demand with astounding accuracy, sophisticated analytics
technologies sift through enormous volumes of data, including
weather trends and sales data193. With the use of this technology, it
is possible to foresee which goods will be in demand where and
when, and in what quantities. Additionally, it has assisted Walmart
in streamlining its supply chain, enhancing its responsiveness and
agility.

 

Walmart uses machine learning algorithms to change inventory
levels on the fly194. To predict the requirement for inventory, these
algorithms consider a variety of variables, such as seasonal demand,
regional events, and even social media mood.

Walmart can make decisions right away thanks to real-time
analytics195. For instance, the system can redirect extra supplies to
the store if a specific item is selling off the shelves faster than
expected. Through agility, stockouts are avoided, and customer
happiness is increased.

 

Walmart uses data analytics to
forecast regional product demand
based on real-time sales data, local
events, and weather forecasts,
improving its supply chain and



consumer happiness196. In order to
ensure that stores fulfill demand
effectively, this allows the merchant
to alter inventory, such as increasing
stockpiles of water and air
conditioners during heatwaves. This
tactic increases sales and fosters
customer loyalty while reducing
stockouts.

 

To promote a cooperative partnership that is advantageous to both
parties, Walmart shares its inventory analytics with suppliers197.
Vendors can modify production plans thanks to real-time data,
which lowers lead times and inventory holding costs.

 

Walmart has improved both the in-store experience and its inventory
through data analytics. Walmart has modified store layouts by
studying customer behavior to reduce crowding and increase
product discoverability.

 

Walmart continues to test the limits of data analytics, from using IoT
devices for real-time shelf monitoring to experimenting with drone
technology for inventory scanning198. The business is establishing
the benchmark for what is feasible in terms of retail inventory
management using data analytics.

 



Walmart's approach to inventory management has been transformed
by data analytics, becoming more precise, effective, and economical.
Walmart can anticipate customer requirements, work more
effectively with suppliers, and ultimately keep its position as the
industry leader in retail by making wise use of data.

 

There you have it, then! Keep this in mind the next time you're in a
Walmart and discover exactly what you were looking for: it's not
magic; it's the amazing work of data analytics.

8.2: Case Study 2: Ne�lix Recommenda�on System
The most popular streaming service in the world, Netflix, is a great
example of a business that has successfully used data analytics for
marketing.

 

Netflix is a streaming service available by subscription that provides
movies, TV series, and original content. Reed Hastings and Marc
Randolph created it in 1997, and Los Gatos, California, serves as the
location of its corporate headquarters. In the beginning, Netflix
provided DVD rentals via mail, but in 2007 it transitioned to
streaming199. By changing its business strategy, Netflix was able to
cut its losses and increase the number of its subscribers.

 

Over 148 million people are subscribed to Netflix, and it has
operations in over 190 countries. The foundation of Netflix's
business strategy is subscriptions. In order to access Netflix's



programming, users must pay a monthly fee. Basic, Standard, and
Premium are the three distinct Netflix subscription packages
available. Both the number of devices that may stream material
simultaneously and the streaming quality vary amongst the plans.

 

According to Maddodi et al. (2019), competition from rival
streaming services like Hulu, Disney+, and Amazon Prime Video is
becoming more and more intense for the corporation. Netflix is
making significant investments in data analytics and machine
learning to keep ahead of the competition. The corporation uses
these technologies to enhance its recommendation algorithms, which
keep subscribers interested.

 

Netflix invests heavily in data analytics and machine learning to
combat some of its challenges: maintaining current users and
gaining new ones, expanding subscriber count, increased
competition from rival streaming providers, and rising costs of
generating original content. Additionally, the business is expanding
internationally and creating more unique content.

As one of the first companies to use big data analytics, Netflix issued
a challenge in 2006 offering a $1 million prize to anyone who could
enhance their current Cinematch recommendation algorithm by
10%200. The challenge was to create an algorithm to forecast
subscriber movie preferences based on previous data. For roughly 17
thousand movies, Netflix offered a dataset with about 100 million
ratings from 480 thousand users. The ratings were provided in the



form of user, movie name, date of rating, and user-provided
rating.201

 

The contest went on for several years, and in 2008 BellKor's
Pragmatic Chaos team, which included mathematicians, data
scientists, and engineers from various countries, industries, and 
research institutes like AT&T, Yahoo,  Commendo Research, &
Consulting GmbH, was given the prize. Netflix's recommendation
systems make use of data science and big data analytics. The phrase
"recommender system" was first used in information system
literature in the late 1990s.202 The popularity of the recommendation
system is still high since it is used to effectively address a variety of
business problems. Several companies, like Amazon, Microsoft, etc.
use a commercial recommendation system.203

 

Netflix's recommendation system uses machine learning to suggest
content based on subscribers' interests. It gathers user data,
including location, watched content, interests, search data, and
viewing time. The system's algorithm uses these inputs to offer
personalized recommendations. Primarily, it values user profiles,
which hold information like subscriber interests, search history, and
interactions. When creating a new profile or account, Netflix
prompts subscribers to select genres or titles as initial
recommendation parameters. If ignored, Netflix displays popular
content. The system adjusts recommendations based on viewed
content, prioritizing recent viewing habits over initial preferences
provided by the subscriber.204



Recommendation systems primarily use two methods205:

1. Content-based filtering: this method suggests content based
on the subscriber's past behavior. A user will be offered more
content in the same categories if they have previously loved
comedy or action.

2. Collaborative filtering: Based on user profiles that are
similar.206 The recommendation system primarily considers
subscriber preferences and history while building a
subscriber profile. For instance, if subscriber A likes crime,
action, and horror films while subscriber B enjoys crime,
action, and comedy films, then subscriber A is also likely to
choose comedy films while subscriber B will also prefer
horror films.

 

The difference between the two can be seen in Figure 8.1.

 
Fig.8.1  Recommendation Technique

Source: Maddodi, S., Prasad, K. 2019. Netflix Bigdata Analytics - The
Emergence of Data Driven Recommendation. International Journal
of Case Studies in Business, IT, and Education (IJCSBE), 3(2), 41-51.
DOI: org/10.5281/zenodo.3510316.

 



The techniques Netflix uses will change as the market and
technology change. They are constantly looking for novel
approaches to be�er understand their consumers and provide them
with engaging content. The cycle of listening, picking up knowledge,
and applying it never ends.

 

Eighty percent of the content viewed
on Netflix originates from
suggestions made by the platform's
highly sophisticated recommendation
system, as opposed to direct
searches207. By decreasing churn and
retaining users with the material they
enjoy, this method effectively shapes
not only viewing habits but also
production decisions, saving Netflix
an estimated $1 billion annually.

 
Finally, Netflix's skillful application of data analytics serves as an 
example of the revolutionary potential of data in the current digital 
era. They'll probably continue to lead the streaming market as long 
as they take advantage of these insights, always prepared to release 
the next smash hit that gets everyone tweeting.  

8.3: Case Study 3: Improving Healthcare Outcomes
with Data Analy�cs – the Oxford/AstraZeneca

COVID-19 vaccine



The use of data analytics in healthcare has enabled previously
unheard-of improvements across many medical specialties,
particularly in terms of improving healthcare outcomes, but also in
reducing costs and increasing patient satisfaction. The use of data
analytics to evaluate the risks related to the Oxford/AstraZeneca
COVID-19 vaccine was one example of a significant integration.

 

Data Analytics in the healthcare industry is based on using massive
data reservoirs, such as patient records and clinical trials, to inform
decision-making processes.

 

The scientific world was under extreme pressure to create an
efficient vaccine in a short amount of time because of the global
epidemic. One of the front-runners was the Oxford/AstraZeneca
vaccine, which in preliminary testing had encouraging efficacy rates.
However, it was crucial to comprehend its hazards, just like with
any drugs and vaccines.

 

In mid-March 2021, a number of nations halted the introduction of
the Oxford-AstraZeneca COVID-19 vaccination over worries that the
shot could cause thrombosis and thrombocytopenia208. Many others
cautioned that this would undermine public confidence at a crucial
time for the pandemic response.

 

Vaccines go through extensive research in phase I and phase II
clinical trials to determine their efficacy and safety prior to being



approved by the appropriate authorities209. The vaccine-related
immunopathology that develops in vaccinated individuals during a
natural illness is one specific safety concern210.

 

The COVID-19 vaccinations were used once clinical trials showed
that they are effective and safe. However, research should be done
on the long-term effects. The safety of COVID-19 vaccinations can be
investigated using a variety of techniques. Active and passive
surveillance are a couple of the tools211. Active surveillance, a
proactive strategy of actively identifying and monitoring cases that
frequently involve medical personnel informing authorities about
certain diseases, is available mostly in industrialized countries.
Passive surveillance, in contrast, analyzes cases through cross-
sectional research, and the cases are reported voluntarily.

 

However, the mere existence of more data is of no use to public
health unless it can be used to generate "actionable data" that will
lead to be�er health outcomes and more effective and efficient health
systems212. And this is where data analytics comes into play.

 

Using analytics on the Oxford-AstraZeneca COVID-19 vaccination,
the following revelations were made:

● Only a very small percentage of recipients had problems
with blood clo�ing213.

● Individualized vaccination tactics were required due to the
diverse responses of certain populations, such as age and
gender.

● The majority of side effects were minor and transient, and for



the majority of the population, the advantages of vaccination
outweigh the risks. However, as a precaution, some nations
only allowed particular age groups to receive the vaccine.

 

Adaptive tactics, such as modifying the vaccination dosage or
combining it with other vaccines, were made possible by real-time
data analysis.

This event established a standard. The Oxford/AstraZeneca vaccine's
quick and effective risk assessment demonstrates the potential of
data analytics in upcoming vaccine advancements and other medical
breakthroughs. It demonstrates the effectiveness of data-driven
choices in improving results in the world of healthcare.

To sum up, the application of data analytics in healthcare goes
beyond simple technological development. It is a paradigm shift that
ensures continuous medical decisions are supported by considerable
and continuously evolving data rather than merely relying on a
small number of trials or intuitions. A beacon, the
Oxford/AstraZeneca COVID-19 vaccination risk assessment
illuminates the way for upcoming medical advancements and tactics.

 

 



1.
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Quiz

Walmart, known as one of the largest retailers, has revamped
its inventory management through what means?

a. Manual counting
b. Hiring more employees
c. Data analytics
d. Installing more shelves

 

How many products does Walmart sell in its supercenters?

a. Over 11,000 products
b. About 140,000 products
c. More than 25,000 products
d. Less than 100,000 products

 

Walmart utilizes which kind of algorithms to adjust
inventory levels?

a. Binary algorithms
b. Quantum algorithms
c. Machine learning algorithms
d. Sorting algorithms

 

What can real-time analytics enable Walmart to do?



5.

6.

7.

a. Predict future global events
b. Increase product prices instantly
c. Take decisions immediately
d. Increase product production

 

How has Walmart improved the in-store experience?

a. By offering discounts to loyal customers
b. By introducing more checkout counters
c. By modifying store layouts based on customer behavior
d. By playing soothing music in the store

 

What is Netflix's primary business strategy?

a. Subscriptions
b. Advertising
c. DVD rentals
d. Producing original content

 

What two challenges is Netflix facing?

a. Maintaining current users and gaining new ones
b. Increased competition from rival streaming providers
c. Rising costs of generating original content
d. All of the above

 



8.

9.

10.

What is the purpose of the Netflix Cinematch
recommendation algorithm?

a. To predict subscriber movie preferences based on previous
data

b. To recommend new movies to subscribers based on their
interests

c. To improve the quality of Netflix's streaming service
d. To reduce Netflix's costs

 

What are the two main methods used by recommendation
systems?

a. Content-based filtering and collaborative filtering
b. Machine learning and deep learning
c. Natural language processing and computer vision
d. Regression and classification

 

What is the main lesson we can learn from Netflix's use of
data analytics?

a. Data can be used to improve all aspects of a business.
b. It is important to invest in data analytics and machine

learning.
c. Data can be used to be�er understand customers and

provide them with engaging content.
d. All of the above

 



Answers 1 - c 2 – b 3 – c 4 - c 5 - c

6 – a 7 - d 8 – a 9 – a 10 - d

 

 

 

 



Chapter Summary

⬧ Data has been called the "new oil" of the current business
world, with companies using it to gain fresh insights, optimize
workflows, and reach unprecedented heights.

⬧ Three distinct yet insightful case studies highlight the
transformative potential of data analytics in a variety of
businesses: Walmart, Netflix, and the risk assessment
regarding the Oxford/AstraZeneca COVID-19 vaccine.

⬧ Walmart, one of the world's leading retailers, has
revolutionized its inventory management by integrating data
analytics, enabling precise demand predictions, optimizing
the supply chain, and enhancing customer experience.

⬧ Innovations in retail include real-time analytics for immediate
decision-making, machine learning for inventory adjustments,
collaboration with suppliers using shared data, or
experimentation with IoT and drone technology for inventory
management.

⬧ Netflix uses data analytics to personalize its recommendations
for each subscriber, making it more likely that they will find
something they want to watch.

⬧ Also, data analytics is used in Netflix to target its marketing
campaigns to specific groups of subscribers, based on their
interests and viewing habits.



⬧ Data analytics in healthcare utilizes vast data sources like
patient records and clinical trials, enabling major
improvements in healthcare outcomes. This was evident in the
evaluation of the Oxford/AstraZeneca COVID-19 vaccine,
where analytics revealed that only a small percentage of
recipients had severe side effects and helped guide
individualized vaccination strategies.

⬧ The Oxford/AstraZeneca COVID-19 vaccine's risk assessment,
driven by data analytics, represents a shift in healthcare. This
shift emphasizes decisions based on extensive, evolving data
over solely relying on limited trials or intuition, showcasing
the potential of data analytics for future medical
advancements and strategies. 

Data analytics is a game-changer in a variety of industries. With
the use of big data and machine learning, the area has advanced
from its modest beginnings to its current capabilities, which
enable accurate insights for decision-making. Businesses will
need to continually adapt and make strategic investments as the
use of machine learning and artificial intelligence in data
analytics increases.

 

 



GLOSSARY
 

This glossary defines key terms used throughout the book, offering
readers clarity on important concepts and jargon in the field of data
analytics.

 

Algorithm— A set of mathematical instructions or rules that,
especially if given to a computer, will help to calculate an answer to
a problem.
 

Analytics— The systematic computational analysis of data or
statistics.
 

Big data— Large and complex data sets that traditional data-
processing application software is inadequate to deal with.
 

Classification— A data analysis task, i.e., the process of finding a
model (or function) that describes and distinguishes data classes or
concepts.
 

Clustering— The task of grouping a set of objects in such a way that
objects in the same group are more similar to each other than to
those in other groups.
 

Data Collection— A process in which information is gathered and
expressed in a summary form for statistical analysis.



 

Data Cleaning—The process of detecting and correcting (or
removing) corrupt or inaccurate records from a record set, table, or
database.
 

Data Integration— The process of combining data from different
sources into a single, unified view.
 

Data Mining— The process of sorting through large data sets to
identify pa�erns and establish relationships to solve problems.
 

Data Modeling— The process of establishing a specific data model
for a determined problem domain.
 

Data Quality— The state of qualitative or quantitative pieces of
information.
 

Data Visualization— The graphic representation of data.
 

Database— A structured set of data held in a computer, especially
one that is accessible in various ways.
 

Deep Learning— Part of a broader family of machine learning
methods based on artificial neural networks with representation
learning.
 



Descriptive Analytics— The interpretation of historical data to
be�er understand changes that have occurred in a business.
 

Forecasting— The process of making predictions of the future based
on past and present data.
 

Inferential Statistics— Producing, interpreting, and validating
conclusions from data subject to random variation.
 

Machine Learning— A type of artificial intelligence that allows
software applications to become more accurate at predicting
outcomes without being explicitly programmed to do so.
 

Metadata— Data that provides information about other data.
 

Normalization— The process of organizing the columns and tables
of a relational database to minimize data redundancy.
 

Predictive Analytics— The practice of extracting information from
existing data sets to determine pa�erns and predict future outcomes
and trends.
 

Prescriptive Analytics— The area of business analytics dedicated to
finding the best course of action for a given situation.
 

Quantitative Data— Data expressing a certain quantity, amount, or
range.



 

Query— A request for data or information from a database table or
combination of tables.
 

Regression Analysis— A statistical process for estimating the
relationships among variables.
 

Sentiment Analysis— The process of computationally identifying
and categorizing opinions expressed in a piece of text.
 

Structured Data— Data that resides in fixed fields within a record
or file or is organized in a defined manner.
 

Time Series Analysis— The analysis of ordered sequential data,
either to extract meaningful statistics or to predict future points in
the series (forecasting).
 

Unstructured Data— Information that either does not have a pre-
defined data model or is not organized in a pre-defined manner.
Unstructured information is typically text-heavy but may contain
data such as dates, numbers, and facts.
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