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Preface

Big Data Analytics: Digital Marketing and Decision-Making focuses on digi-
tal marketing and analytics for decision making. This book explores the con-
cept and applications related to digital marketing decision-making. Besides
this, it shall also provide future research directions in digital marketing. It
is a promising field of research that can be possibly helpful to understand
the concept of digital marketing and help in strategic decision-making. This
book also helps to enhance the knowledge related to the various concepts of
data analytics used in digital marketing. The use of data analytics tools can
get better decision-making abilities. This book consists of ten chapters.

Chapter 1 is related to the marketing mode and survival of the entrepre-
neurial activities of nascent entrepreneurs. Chapter 2 deals with the respon-
sibility of big data analytics in organizational decision-making. Chapter 3
focuses on the decision-making model for medical diagnosis based on some
new interval neutrosophic hamacher power choquet integral operators.
Chapter 4 describes the concept related to the prediction of marketing by
consumer analytics. Chapter 5 deals with web analytics for digital market-
ing. Chapter 6 includes innovative retailing, a novel approach for retailing
business. Chapter 7 focuses on leveraging web analytics for optimizing dig-
ital marketing strategies. Chapter 8 is related to smart retailing in digital
business. Chapter 9 is based on business analytics and performance man-
agement in India. Chapter 10 deals with parameterized fuzzy measures
decision-making model based on preference leveled evaluation functions
for best signal detection in intelligent antenna. This book includes diverse
topics related to digital marketing analytics and decision-making, which
helps businesses to increase their profits and wealth by making better deci-
sions on time using data analytics. This book is meant for research schol-
ars, practitioners, industry professionals, researchers, and faculty working
in commerce, digital marketing, big data analytics, and comprehensive
solutions to organizational decision-making.

Mansaf Alam

Jamia Millia Islamia University
Kiran Chaudhary

University of Delhi
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1.1 INTRODUCTION

Entrepreneurship is a continuous dynamic process of change that is
pushed by new ideas and creative approaches toward establishing new
ventures (Raposo & Paco, 2011). In this continuous process, people deploy
their skills, abilities, efforts, and available resources to establish a busi-
ness venture. The concept of entrepreneurship refers to the ability to take
the risk and convert it into a successful business enterprise. Thus, it can
be described as showing ownership along with the creation of wealth
by means of establishing a new enterprise (Hisrich & Kearney, 2014;
Bogenhold, 2020). In order to improve economic conditions, it is essential
to convert products and services to something commercial. This conver-
sion not only raises income but also creates employment opportunities
because entrepreneurship introduces new business ideas and competition.
Promoting entrepreneurial ideas is beneficial for unemployed people, and
most beneficiaries are the youth who are future handlers for every society.
People with broad knowledge, observation power, and interest can eas-
ily identify entrepreneurial opportunities and are convinced to pursue an
entrepreneurial career (Parastuty & Bogenhold, 2019).

Entrepreneurship is all about recognizing and exploiting the opportu-
nity and playing with the risk skillfully to enter the market and survive
(Paul & Feliciano-Cestero, 2020). In line with initiatives taken by the
government of Pakistan to promote entrepreneurship, most universi-
ties are striving to create an entrepreneurial ecosystem for their students
and graduates. These are early days, and the growth rate and progress are
very low (Samo & Inayat, 2019). In the context of this chapter, the notion
of entrepreneurial journey is helpful in determining the process of the
entrepreneurs followed by university graduates for starting and carry-
ing out a business. Hence, this empirical study focuses on exploring the
entrepreneurial processes adopted by young people in the backdrop of a
developing country, Pakistan. Considering the economic challenges of the
country, our research question examines how graduates experience the
journey from studentship to entrepreneurship?
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I
1.2 LITERATURE REVIEW

The entrepreneurial process is a phenomenon of the new venture creation
from nonexistence to the existence of new business activities, and this jour-
ney reflects a series of economic activities in the form of processes with the
purpose of value creation. The entrepreneurial process undergoes different
phases because of formal and informal changes and challenges (Dvoulety,
2020). The nature of entrepreneurship is always characterized by novelty
(Gartner, 1990), new entries (Lumpkin & Dess, 1996), and new combina-
tion of resources (Schumpeter, 1947). These characteristics need a change
in information, and entrepreneurship is a process in its nature that seeks
to amalgamate new information. Aspects of entrepreneurship like pro-
cess and novelty go together in the sequence of events and activities. Thus,
entrepreneurship as a process involves embarking on an entrepreneur-
ial journey that gains momentum as it progresses (McMullen & Dimov,
2013). The entrepreneurial process of starting a business begins with the
identification of the opportunity by nascent entrepreneurs. Nascent entre-
preneurs are the individuals who are new to a business, either starting it
for the very first time or switching from other occupations to a business
(Carter et al., 2003). The entrepreneurial journey begins with uncertainty
and challenges, and it includes several barriers that are encountered dur-
ing the entrepreneurial process. Such challenges are responded by innova-
tive qualities and autonomous actions. This journey involves an emerging
process, opportunity realization, and potential transformation (Cha &
Bae, 2010).

The literature suggests different phases of starting and pursuing a busi-
ness activity, and according to some studies, university graduates are
more likely to follow similar trends and steps to start a business (Hisrich
& Ramadani, 2017). However, in the context of our study, the findings
indicate that the entrepreneurial process was pursued in four different
ways. The first one is market analysis, the second one is personal initia-
tive, the third one is business activity, and the fourth one is the mar-
ket. Before starting a business, respondents conducted market analysis
in which they observed and surveyed the market’s strengths and weak-
nesses, market demand, and market mechanism. Few of the respondents
followed this approach and decided on the nature of the business after
conducting market analysis (Rasmussen et al., 2011; Sorenson & Stuart,
2008). This market analysis and decision to start any business varies on
a gender basis because females have their own concerns and issues while
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starting business, as they need some support from their family, parents,
friends, or teachers. For this purpose, they need to travel and navigate
from place to place and interact with a diverse group of people. On the
other hand, male respondents were somehow bold in their decisions
and choices. Findings suggest that market analysis counts location and
checks the placement of the business if it is surrounded and equipped
with the required facilities, infrastructure, and support system (Alvarez
& Barney, 2000).

1.3 METHODOLOGY

This study draws on qualitative research methods where semistructured
interviews are used to collect data. To conduct this study, ten nascent
entrepreneurs were identified and recruited (Creswell, 1998). In order to
reach participants, the snowball method was used. The interviews were
audiotaped with the consent of the participants. A transcription was cre-
ated from the interviews (Mayring, 2014). The interview data was themati-
cally analyzed to identify new areas of the entrepreneurial process. The
analytical strategy includes the processes of summarizing, coding, devel-
oping themes, and classifying them into categories that represent similar
meanings and analysis (Miles et al., 2014).

The study was conducted in Hyderabad, Pakistan. This area was selected
because it was the most suitable region in the country, being the center of
education, business, and population concentration. Hyderabad is a geo-
graphic location for data collection. Hyderabad is the second-largest city
in Sindh province, Pakistan. The target population is comprised of uni-
versity graduates in the Hyderabad city of Pakistan who were involved in
entrepreneurial activities.

1.4 FINDINGS

The findings of the study indicate the themes generated through a the-
matic analysis, in which four themes have emerged from the codes and
that leads to the final category of journey as mentioned in Figure 1.1. Next
to Figure 1.1, themes are discussed, respectively.
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Market analysis

Personal initiatives

Business activity Journey

Marketing

FIGURE 1.1
Entrepreneurial journey. (Source: Created by the author.)

1.5 MARKET ANALYSIS

In the context of entrepreneurship, it is difficult to find their position in
the competitive environment, develop the strategies to face the competi-
tion, and excel in the competition. This means that entrepreneurs may
observe the culture and get the market orientation. It is better and ben-
eficial for both in the interest of entrepreneurs and in the performance of
the entrepreneurial activity (Kreiser et al., 2002). Qualities of the entre-
preneur, such as creativity and initiative, are useful in the entrepreneur-
ship process. In order to find a plan, the nascent entrepreneur needs to
implement a step-by-step approach, so that initiatives may be taken. Such
strategies optimize the performance of the entrepreneurial activities in
any market and the confidence of the entrepreneur in dealing with the
entrepreneurial activities. Such strategies include market analysis, which
enables the individual to develop an understanding of the environment.
It needs the potential to deal with a diverse and competitive environ-
ment. Thus, market orientation, cultural orientation, and market analy-
sis provide support in decision-making and decision implementation
(Kemelgor, 2002).

Simultaneously, this theme suggests that young entrepreneurs conduct
market analysis in order to know the market mechanisms and structure.
In order to develop familiarity, participants suggest that they interact with
the local community and communicate with their business fellows. In the
process of market analysis, the local market and the business idea matter,
and it is important to check the feasibility of the business plan. In this
phase, the strengths and weaknesses of the market are observed. Here, not
only physical markets but also virtual markets are included in order to
start an online business (Kemelgor, 2002; Hult & Ketchen, 2001).
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[R1]: We planned a hostel in our private home and conducted interviews
from the selected girls in the university and selected those girls
who were from very poor family background. Those girls who
cannot pay hostel full fees then they participate in routine work
of the hostel in order to stay in. Routine work includes cleaning,
kitchen, and other necessary work. We have six rooms and three
girls can be accommodated in each room, by this way 18 girls
can be accommodated.

[R2]: Birds in the hand were our relatives. I conducted a baseline study in
which I performed and utilized my SPSS skills so my these skills
were also birds in hand.

[R3]: 1 researched six month earlier before starting my business tried to
understanding if my plan works or not. So, I worked on differ-
ent business ideas, across garments, stores, medical stores, toy
shops, and super stores. I thought that which one is best, and my
conclusion was that this city needs something of her caliber. So,
they need this type of superstore with good quality in an inno-
vative way. So, this idea, I shared with my friends and family.
So, they also supported and appreciated this kind of business as
compared to other types of business because of the population,
location, illiteracy, and so many conceptions here in this city.

[R4]: T have a plan that there are a lot of shops, general stores, and mer-
cantile stores. They do not have such kind of variety of the
things and quality available here. For the new and interest-
ing things, one needs to go to another city like Karachi. So,
I thought if I start such type of business so that people can
enjoy, everything is available in the market in one store. In my
city, I am a supplier of many shops as a sole distributor. There
are 500 shops here where I supply oil and tea. So, I thought
why I should not start a Departmental Store to provide some
better facilities to my town.

[R5]: T have done marketing job here in Pakistan and UAE in the bank.
During the job, I thought to start my own business, so I returned
to Pakistan and started analyzing markets. I was interested in
the technology and wanted to involve in the e-commerce.

In view of the arguments of the entrepreneurs about the market analy-
sis and market understanding, it is endorsed and considered important
for successful businesses and successful entrepreneurs to analyze the
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environment, culture, and trends of the market before launching products
and services in the market. In this way, enterprises can develop the poten-
tial to meet the market needs and challenges offered by the competitors
and the environment. The latest research has been recognized as impor-
tant for entrepreneurship and has improved performance to check market
dimensions and social setup (Defourny & Nyssens, 2010).

1.6 A PERSONAL INITIATIVE

The second theme focuses on the personal initiative of young entrepreneurs
in this study, and the approaches and methods were undertaken for the
entrepreneurial activities by microentrepreneurs. Personal initiative is pro-
active behavior that is self-starting an initiative in a systematic way, future-
oriented, and persistent (Mason et al., 2020). Individuals high in personal
initiative show self-initiated behavior with motives to adapt to themselves,
change their environment, and go beyond self-starting behavior in consid-
ering the future (Frese et al., 2016). A personal initiative indicates that entre-
preneurs necessitate the start and practice of the skills in routine work and in
every activity. The entrepreneurial environment furnishes several opportu-
nities and challenging tasks. This approach leads to the approach of market-
ing and convinces to develop innovative marketing strategies (Frese, 2009).
Personal initiative is a promising method in the entrepreneurial personal
initiative, which is important for successful entrepreneurship. Although the
personal initiative has been shown to be entrepreneurial initiative, this is
interesting because the proactive behavior can be balanced with changing
times and in different situations (Campos et al., 2017).

[RI]: Yes, we are in a group doing business; we are group of friends and they
working together with me. I am only in group to do business full
time, but other group members are doing as a part-time because
they are doing job as well.

[R2]: T have own building of house where we did not need to pay rent.
However, everyone participated through bringing extra furni-
ture and other required things from their home to complete
the requirements, just like there was one friend who has pri-
vate tuition center, but it was not in active form therefore, she
donated all furniture of tuition center.
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[R4]: We started with five members and investors as partners, but two of
them are working partners and three of them are silent partners
who support us.

[R5]: We introduced a card that is valid on 16 plus brands with different
deals that goes from 10% discount to 100% discount, the means
of 100% discount is free services or free admission somewhere
at the brands or to institutions. For example; an institution
is registered with us and gives discount of 3000 rupees to the
customers which is an admission fees and he waives the 100%
discount.

[R7]: During our study, we were learning about how to bring idea from
paper to ground, we were learning about establishing start p
which were commercial and more about benefits, it was about
breakeven. Basically, that inspirational story pushed us to start
this social venture. We were only the people who started such
social venture. We made a mechanism through business canon
model. We prepared tables which tell us where our partners
are, and it has blocks and different resources. We had to pres-
ent the final project, so we made a business model about social
venture and we introduced it to the administration of Institute
of Business Administration (IBA), Karachi and they appreci-
ated us. In the result, applied for the incubation for running
this venture and we were awarded space as a office at IBA
campus.

This theme reflects the entrepreneurial journey of the university grad-
uates, and, in this regard, personal initiative is the first theme of the
findings. In this theme, individuals showed different phases and dif-
ferent opinions regarding the initiative and the implementation. This
indicates the entrepreneurial ideas of the individuals to bring in the
action. Every entrepreneur shared his/her different and new initia-
tive to start their business. Before starting any business activity, they
expressed to develop confidence in doing it (Mensmann & Frese, 2019).
Personal initiative is a self-starting and proactive initiative of entrepre-
neurs to exceed and excel in small steps and actions. Personal initia-
tive is undertaken based on the set of goals, information collected, and
preset plans. Such personal initiative is an intrinsic motivation of the
entrepreneur and self-regulation in the entrepreneurship (Gorostiaga
et al., 2019).
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1.7 BUSINESS MECHANISM

This theme discusses the process of entrepreneurship and a series of
activities undertaken by the entrepreneurs. This theme shows the piv-
otal role of entrepreneurs in the process of entrepreneurship, in the con-
duct of the business, how the process is carried out, and what are the
phases in the process of entrepreneurship. The entrepreneurial process
consists of a number of activities that are interrelated and integrated
steps of designing, launching, and running new businesses and play a
pivotal role in the framing of business activities. Business processes and
business activities are gaining momentum in entrepreneurship because
of the different and innovative drives involved (Hsieh & Wu, 2019;
Bogenhold et al., 2017).

This theme suggests the entrepreneurial journey of the entrepreneurs,
which holds the idea of the process and method of entrepreneurship. The
university graduates were engaged in different kinds of business activi-
ties, and mobility was according to the nature of their business, whether
product-oriented or service-oriented business. Participants mentioned
that dealing with the entire process includes the purchase of raw products,
workout on products, and employing skills and knowledge. Entrepreneurs
working in a team expressed that the entrepreneurial journey is a devel-
opmental process of trial and error. In this developmental process, com-
munication, coordination, and correspondence are also involved, which
helps them to streamline different sources and resources.

[R1]: Tam running my gym for females; I have started as a fitness trainer
since last six years. I am doing independently, [ am an owner.

[R2]: Our motive was to provide life skills and self-development. In the
beginning of two to three months, nobody was ready to join
such institute, therefore, we added few other subjects like reli-
gion, English language, then registration increased to 28 stu-
dents but target is 30 for six months.

[R3]: Thavelearned that for the entrepreneurship to start, you do not need
smart amount of money to invest but it is important that what
you know and whom you know. So, I had talked to the parents
of the children and asked them to donate the money in order to
buy basic things. My idea is to collect the children and develop
interaction among them. Actually, there is no place where
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children can interact with each other and grooming of children
takes place; this is a market gape which needs to fill in here.

[R3]: In the starting, I used call and collect children to one place and give
them pen, pencil, laptop, and everything of their interest with-
out limiting their activities, without any instructions. Just left
them free in their movement and activities. It is taught in the
schools that sharing is caring when they open their lunch box,
they say they can’t share and eat your own. So I decided, let’s
show them a practical approach of this particular line if you are
sharing then it is really caring. When you open your lunch box
then you must share it with other friends.

[R6]: 1 established a venture named IRTA, it is a health sector social ven-
ture. Basically, started with the inspiration of a seven-year-old
child Abiya, she was a patient of acute lymphoblastic which is a
type of blood cancer. I came to know about her from my friend.
We went to visit the hospital and ask her for help because we had
the social welfare type of mindset. We had intentions to help her
parents financially that is what we could do. We went there and
ask the duty doctor about her and what the status is. Duty doc-
tor said that she has less chances of survival, so we are going to
discharge her, and we have no remedy. So, we said that you want
to leave her without any treatment. I mean you leave her to die.
So, we thought we should do something to save her, so we col-
lected her medical reports and went to the famous hospitals and
ask them if they do something for her., They said that they can
admit the patients with initial stages only and at that moment
we found a gap in our national health system. Though I had no
any background of health-related services or qualifications. I
even don’t have any experience in the medical treatment also.

[R6]: We have gone through those procedures and we have somehow ful-
filled demand, and secondly, we go through aggressively and by
law and never fulfilled their demands, we got the results. Forth
point, I would like to add here that bank account. Normally, for
the profit-based ventures, they have no any problem in creat-
ing bank accounts but in social ventures, you have to fulfil all
the requirements. There are many restrictions, there so many
mandatory procedures you have to pay. It is good but problem
is we people we personnel in the banks they are not so much
trained. Basically, they do not guide the people who reach the
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banks for the account opening. When we went there, I don’t
want to show the name of the bank but the bank officers who
were there they were not much informed or trained, they asked
us to submit a list of the documents, we submitted on the day,
then I received an email to submit additional documents, and
after around a year our bank account was opened, after writing
three complains to head of the bank then we received a bank
account number.

[R7]: 1 planned an as scheme for the purchaser. I announced of my mart
that if you buy something of 3000 rupees you will get 5% dis-
count and if it exceeds 5000 you will get a token. After three
months, your token will be put in a box and box will be shaked
by a child. The name written on the small paper, who made pur-
chases of 5000 and whose name will be written in the box, he
will get a bike. This scheme got popularity in the area and many
people came forward. Hence some people came to made shop-
ping of 10,000 rupees to get two token in order to increase the
chance to get bike.

[R8]: My business plan is titled with Multi Vendor Place. It is an online
business. It is a marketplace where vendors meet their custom-
ers. Such as Amazon, Alibaba and Daraz are doing online busi-
ness. We are dealing with multiple categories. We only charge
the sellers and the commission subject to the product, commis-
sion varies. Along with that, we also provide delivery service to
the sellers. They just have to login in our website and everything
comes under our responsibility. We pick up the products from
them and deliver to the customers and get the money back to
their accounts.

[R9]: My company is registered with name of United Construction. I
have run six hostels in the different areas of Hyderabad since
2018. Three hostels for boys and three hostels for the girls. This
is for the students and young people coming from the different
rural areas for the study, job and business purpose. Around 600
people are accommodated in the hostels as hostels are equipped
with all facilities including food and internet.

[R10]: T have started an online mart with name of Sindh Mart. The aim of
this business is to promote cultural heritage of the country. As
Pakistan contains very diversity in the culture, every different
area has its own culture like Sindh culture is quite different than
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the Punjab culture, simultaneously Punjab, Kashmir, and from
all parts of the country, we bring the traditional collection and
sell to the local people as well as at international level.

In this way, respondents mentioned that one has introduced an online
business by developing a discount card that contains a collaboration of
16 brands famous in the region. Another respondent mentioned that he
had established a hostel for poor female students where some residents
were paying rent and others by participating in the management of the
hostel. Those girls who were unable to pay were offered work such as han-
dling, cooking, cleaning, and looking after overall issues in the hostel. For
example, one participant mentioned that while working in the agriculture
sector, he developed an app to detect bacteria in fruits, which benefitted
the farmers and growers, and led him to earn a lot of money and goodwill
from the buyers and users. Simultaneously, one entrepreneur mentioned
that he had established a departmental store in a region where there was
none, and he provides quality service and opportunity package for cus-
tomers (Bogenhold & Klinglmair, 2016).

The emerging innovative approaches facilitate the entrepreneurial
process and entrepreneurial activities following the strategy and proper
implementation. During business activities, creative ideas are beneficial
in finding innovative solutions. Such innovative ideas translated into
actions and activities are essential to entrepreneurship for the existence
of the business. Startups are very essential in the business, and they need
skills and innovation in the traits of entrepreneurship. The invisible rela-
tionship between entrepreneurship and innovation expands the capacity
of the entrepreneurial process. Thus, the entrepreneurial process extends
the knowledge across diverse experiences and passes through different
kinds of situations. The processes carry ideas to the market and transfer
ideas outside the environment as well (Hsieh & Wu, 2019; Bogenhold,
2013).

I
1.8 MARKETING

The outbreak of academic and research interest revolves around the
domains of marketing and entrepreneurship. Entrepreneurship inter-
sects marketing to advance the interests and evolve from their respective
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boundaries to flourish for the expansion of a business. Traditional mar-
keting in the context of entrepreneurial motives advocates the services
and products of the entrepreneurial process. It helps in the promotion of
products and services and enhances the capacity of the business. This is
not mainly concerned with the size of the business because marketing is
equally important for small enterprises as it is for larger companies (Jones
& Rowley, 2011). Hence, marketing is not a new area of interest in the
research domain, but it has become an interesting case of entrepreneur-
ship. Marketing is a dynamic aspect of entrepreneurship and provides a
new perspective on entrepreneurial activities. The business activities of
trading products and services accelerate through marketing and network-
ing. However, emerging entrepreneurial marketing helps in identifying
opportunities and working in a constantly changing environment (Paul
et al., 2020; Bogenhold, 2019).

[R1]: Thave wide friend circle; they published my business idea with my
name and advertised.

[R1]: It was not possible without social networking and without the sup-
port of friends and family.

[R2]: We had one thousand investments only to publish a pamphlet for
the advertisement.

[R3]: We are trying to register our products, because without registration,
we cannot place it on any display center. As soon we get registra-
tion, we will contact a marketing company for the marketing of
the product.

[R4]: T am running a social media campaign, and communicating with
government officials for different agriculture projects.

[R5]: We started marketing of our product, we started to communicate
with the doctors and shared them about use, benefits and pur-
pose. We use social media campaigning and person to person
marketing to promote awareness about our app.

[R6]: T advertise on the social media like Facebook with the name Atia
Ismael collections and we introduce our products in the differ-
ent exhibitions conducted in different cities. I have adopted as a
career. As we receive online orders on the social media and on
mobiles and we try to provide every order on time.

[R7]: Family and friends support in marketing in sharing the prod-
ucts in their further network and it attracts more reliable
customers.
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This theme determines the marketing tools adopted by the university gradu-
ates in their entrepreneurial journey. The concern of the respondents under
this theme was to bring knowledge and learning close to the practice and
application. Female entrepreneurs who were engaged in the home-based
work had a display center, where they used to display their products for the
advertisement and marketing. Customers used to visit the display center
and order products for home delivery. Social software and social media were
also important and emerging marketing tools for male and female entrepre-
neurs. By adopting these marketing tools, they find out the market demand
due to the awareness in the market. However, in this regard, they availed the
help of friends and family to run a social media campaign in order to spread
the information about products and services to every end of the society. This
makes for a more productive approach that brings and triggers innovation
in the trade of products and services (Kuhn, 2016; Milanesi, 2018).

1.9 DISCUSSION

The important thing that matters most is the business idea. The feasibility
of the business plan is checked with reference to the location and resources
available. This is believed to be the most important step in the market anal-
ysis. Quality concern is a crucial step in the market analysis, where quality
in products and services is observed according to the market demand and
the level of the market. In the market, an attraction for customers and cli-
ents is created by offering quality and maintaining quality in all business
offers. In this case, those entrepreneurs have shared their experiences as
well as working experiences in different organizations, and they availed
those experiences in order to conduct market analysis (Alvarez & Barney;,
2005). The second phase of the entrepreneurial journey is a personal ini-
tiative after the market analysis. The initiative is taken individually as well
as collectively in the form of groups. Such entrepreneurs have mentioned
that in the case of a group, they have divided responsibilities, and everyone
have undertaken an individual task and played their own role in starting a
business. Some of them were active partners, and some of them were pas-
sive partners. Active partners played a full-time role and passive partners
played a role as backup support (Alvarez & Busenitz, 2001).

Itis found that entrepreneurs started by analyzing the available resources
and how to avail them. So, they started to contribute and started from
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their own contributions such as physical resources, financial resources,
human resources, and natural resources. At the start of business, in order
to create market attractions, some kinds of offers, discounts, and packages
were offered in the initial phase to customers, clients, and consumers.
After the market analysis and personal initiative, the third step of the
entrepreneurial journey is a business activity in which carries on busi-
ness and the growth of the business is focused (Baker & Eesley, 2003).
The last phase of the entrepreneurial journey is the marketing of the busi-
ness. This was a necessary phase to promote trade in the region. Different
approaches were used by entrepreneurs. The most convenient methods
used were friends, family, and social circle; through them, information
about products and services is spread and advertised among personal and
social circles. It is acknowledged by few entrepreneurs that without the
support of social networking, it was not easy to project and promote the
business among the immediate circle and create new channels for the sales
of products and services. The second method of the advertisement was to
publish pamphlets for the advertisement and distribute them in the local
area for promoting awareness and information in order to create market
attraction (Baker & Nelson, 2005). The next step of advertisement is very
innovative and emerging; it is a social media campaign. Some entrepre-
neurs mentioned that they advertise their products through a social media
campaign; it is very easy, time-saving, convenient, effective, and attractive.
In the social media campaign, different social software and applications
are used such as Facebook, WhatsApp groups, Instagram, and Snapchat.
In contrast to this, one finding indicated that an entrepreneur cannot
advertise some products or keep anything on display center because of
the cultural and religious barriers, such as a male entrepreneur cannot
advertise the female stuff in his business (Cha & Bae, 2010; Tunio, 2020a).

1.10 CONCLUSION

Entrepreneurship is considered a frontier in economic growth and devel-
opment across different regions and countries. The regional differences
may occur in entrepreneurial activities and the entrepreneurial process
(Urbano et al., 2019). Individuals inclined to new business get engaged
in the entrepreneurial activities of interest and will. Such interest leads
them to embark on an entrepreneurial career and oscillate around the
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entrepreneurial ecosystem. The entrepreneurial attempt resulted in entre-
preneurial action and productive outcomes (Slavec et al., 2017; Tunio,
2020b). In this regard, the entrepreneurial process begins with the identi-
fication of an opportunity and ends with the exploitation of the opportu-
nity (Davidsson, 2015). The journey goes through several challenges and
barriers. But, in the end, there is a different kind of reward in the form of
an outcome that is blissful as well as a blessing for the nascent entrepre-
neurs (Thoumrungroje, 2018; Ramadani et al., 2019).
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2.1 INTRODUCTION

As emphasized in the year 2012 by Johnson, 15 out of 17 firms in the United
States have more data and information recorded for each company than the
US Library of Congress that solely gathered and retrieved 240 terabytes of
data and information in 2011. Big Data analytics evaluates a wide array of
sources and information (Reddi, 2013) such as the Business Applications,
Documents, Public Web, Social Media, Archives and Others. The data
sources are applied in analytics to address the aims of business such as
development of new services and products, cost reduction, pricing, enhanc-
ing sales strategy, enhanced risk management and so many others.

After various researches, we have realized that marketing is still facing
a severe and a serious deal of complications as well as the absence of effec-
tive internal of the emerging product.

The classical ways are not up to the extent of tackling these challenges as
a result of the fact that they are not capable and willing to keep pace with
the level or acceleration of knowledge including the channel of informa-
tion in actual time.

Presently, the Big Data analytics is applied at various domains as the
data and information are depicted in excess quantities to be severely
understood by the human mind, “Big Data is a term or word that describes
and emphasizes vast or huge volumes of high complex, velocity and vari-
able data which require or entails advanced technologies or techniques to
enable storage, capture, analysis, management including the distribution
of information”. Thus, Big Data analytics is viewed to be a perfect tech-
nique to assist marketing decision makers to get an effective insight into
enhancing the production (output) success.

The exponential growth and the rise of technology have resulted in a
modern industry, simply put or state that an organization collects, com-
mercializes and aggregates personal and private information (data). The
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digital exercises of numerous millions of individuals in the globe can be
traced through a variety or a vast of modern approaches varying from
credit card/store loyalty to aimed advertisements discovered on social
media channels such as Instagram, Twitter, Facebook and many others.
Private data, entailing offline and online behavior, are assessed, evaluated
and amalgamated and then are sold to various forms of corporations and
businesses (Marwick, 2014). Organizations that combine, collect, analyze
or evaluate this form of data or information are essential and important
and are usually referred to as data brokers. These data brokers depict this
wave of transformation that has to do with private data including how it is
handled both offline or online. The dramatic change has resulted in new
and modern trends toward what is referred to “Big Data”. For instance,
Big Data basically comprises raw “little data”. In major scenarios, these
minimal data give an in-depth personal and private insight into an indi-
vidual consumer and purchasing portfolio including consumer behaviors
and habits. Laney Doug, a Tech Analyst, primarily analyzed, explained
and emphasized Big Data in 2001 as being “Velocity, High Volume and -
Variety Information assets that demand and entail cost effective, inno-
vative (new and modern) of Information (data) processing for improved
insight including decision making” (Sicular, 2013). Firms and companies
across any organization value these forms of insights that were formerly
not available before this technology growth and have become and seem
interested in how these analytics are retrieved, collected, gathered and can
be applied, which is very necessary and vital for all forms of organization.

The evolution or formation of the service intelligence aligns and amal-
gamates both the offline and online user behavior to examine and know
what consumers or clients are busy with, what they are capable of expend-
ing fund on, what form of service they need or require or utmost reason
and how to keep them coming back. Organizations use Big Data not only
solely to aim their consumers or communities but also to give and provide
their consumers precisely what they demand and customize the consumer
encounter in a manner which is significant, essential and important to
their interests (Byfield, 2014). Big Data customization also permits organi-
zations to discover modern means to trigger the loyalty of customer (con-
sumer), and with the help of Big Data, organizations are willing to simply
match up client essential brands/products with the aimed consumer pro-
file and with information-backed decisions. Rather than decisions being
focused and concentrated on ordinary feeling and guess, the number or
facts are currently present.
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Instances of decisions’ in-depth analytics outcomes are characterized by
corporate-propelled questions; for instance, how should or must we price
our services and products? Is there the need or essence for specific new
services and products in precise geographical regions? What alternatives or
options to consider (Davenport, 2014)? What forms of offers must be pro-
vided to customers with various portfolios and profiles (Davenport, 2013)?
How much inventory (stock) should be stocked and kept in the warehouse?

Puto and Ko$cielniak (2015) emphasized that the application of infor-
mation and data toward decisions making including the manner in which
it is organized and coordinated is becoming essential. This perspective
is backed up by an outcome of a survey carried out in 2011 by McKinsey
(McKinsey & Company, 2011) as it emphasizes that the evaluation of the
Big Data is significantly important for innovation, production (output)
and competition. The application of the outcomes of the Big Data analyt-
ics in business permits organizations to attain competitive benefit (Puto
& Koscielniak, 2015). Although applying the traditional information and
data to back up decision making is not modern, that is, examining or
weighing the best and appropriate product attributes or features in regard
to the preferences of users (Ziora, 2015), the information is collected dur-
ing the phase of product assessment to make decisions in regard to mod-
ern goods (Barbacioru, 2014).

However, Big Data is different from traditional data and varies sig-
nificantly in different selected attributes and features in veracity, variety,
velocity and volume (Chen et al., 2014). Presently, value is also included to
these features or attributes (Sinha & Wegener, 2015). Therefore, more in-
depth and new data can actually be obtained from Big Data for application
in organization decision making (Glenys, 2014). Also, a conducted survey
by Capgemini in 2012 (Capgemini, 2012) indicates that respondents who
have used data analytics have viewed 27% enhancement in business per-
formance, and they anticipate to enhance this statistic to 45% in the near-
est future. Also, in a research work carried out by the Common Service
Centres in 2014 (Info chimps, 2013) exceeding 350 information technol-
ogy (IT) staffs (employees), it is emphasized that an estimated 55% of the
respondents partake in the Big Data analytics as major five essential items
for their organizations.

Yet, a research study by the IDG Enterprise showcased by Columbus
(2015) emphasizes that 35% of the involved organizations have plans and
motives to maximize their budgets for data- and information-driven
ideologies and plans within the company. As major priority, 65% of the
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respondents emphasized that the major and utmost goal in investing
under the data or information-driven plan and initiatives within the firm
is enhancing the decision-making quality as they viewed the Big Data ana-
lytics as a significant and essential tool to gain as well as accelerate essen-
tial business insight including to benefit from the information or data.

From previous research studies, it is glaring that organization decision
making including the Big Data analytics is increasing in firms, while no
“tangible and reasonable body of knowledge” is presently glaring in the
scientific literature. This instance triggered us to carry out a systematic lit-
erature review (SLR) so as to seek for some insight. We demanded for four
major questions under the major banner of the “role of Big Data Analytics
in Organization Decision Making” depicted by various significant and
essential points:

o RQI1 - The involved business functions.

« RQ2 - The challenges in applying analytics in decision making.

« RQ3 - The application of analytics outcomes and results in decision
making.

+ RQ4 - The impact and effect of analytics on the aspects or areas of
the decision-making process.

The major discoveries and findings entail to the following:

« RQI: Various business functions were the results (outcomes) of the
Big Data analytics that can be applied and used.

« RQ2: (i) Challenges in aligning business strategy with data driven
decision making; (ii) collaboration and amalgamation across the
business functions.

« RQ3: Approaches and techniques on how to apply the outcomes in
decision making.

« RQ4: The aspects and areas of the Big Data analytics.

Summarily, these findings and discoveries tangibly include the present
meager knowledge base in regard to the big analytics roles in organiza-
tion decision making. Also, the chapter emphasizes on the implications
and effects of these research findings and practice. Section 2.2 emphasizes
on the research methodology; Section 2.3 emphasizes on the outcomes
including the discussions; Section 2.4 emphasizes on the threats including
the limitations and Section 2.5 finalizes the chapter.
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2.2 METHODOLOGY

This aspect emphasizes on the applied research methodology in the
chapter.

2.2.1 Systematic Literature Review

An SLR is a manner of interpreting, assessing and recognizing the
research necessary to a specific topic or a research question, phenomenon
of interests and areas by applying a research technique or method that
is perfect and accurate, better and ensures auditing (Travassos & Mafra,
2006; Kitchenham,2004). There are various reasons for applying an SLR,
for instance (Kitchenham & Charters, 2007):

« To recognize any gaps in the present research so as to suggest and
emphasize on the necessary areas for further investigation;

 To summarize and evaluate the existing evidence and proof pertain-
ing a particular area;

« To evaluate the extent to which empirical evidence contradicts/
supports theoretical hypothesis as well as to assist yield new and
modern techniques (approaches)

» To provide a background/framework so as to accurately position
new research exercises and activities

In this research study, we abode and adhered to the suggested guidelines
and protocols by Kitchenham and Charters (2007).

2.2.2 Research Questions

We inquire about the following research questions. Also, we address and
emphasize on the Big Data analytics role in the decision making of an
organization.

« RQI: In which business functions (that is, Project Management,
Marketing, Manufacturing, Financial, etc.) are the Big Data ana-
lytics outcomes and information’s applied? This question assists in
attributing business functions as well as recognizing others that
could actually take advantage and opportunity of Big Data analytics.
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« RQ2: What are the challenges of applying Big Data analytics in orga-
nization decision making?

Comprehending the challenges caused by the application of the Big
Data analytics in organization decision making?

Comprehending the challenges caused by applying the Big Data
analytics for decision making will assist in ensuring new work pro-
cesses or technologies.

« RQ3: How are the outcomes of the Big Data analytics applied by the
management in the organization decision making? The question is
so essential for attributing organization decision making in regard
to the usage of Big Data.

« RQ4: Which aspects or areas of the process of decision making can
be influenced by the Big Data analytics?

Liburd-Brown et al. (2015) emphasized that the process of decision mak-
ing comprises of features such as outcome assessment, accountability
and quality of evaluation (analysis) including the numbers of individ-
uals involved. In regard to this, we include some other attributes such
as (i) data (e.g., contextual, inputs, timing, constraints, knowhow and
deadline) on the hand to be willing to make the decision; (ii) impact
and consequences of making decisions including implementing it; and
(iii) authority to make decisions, etc.; therefore, which of the elements of
the process of decisionmaking are influenced by applying the Big Data
analytics.

2.2.3 Search Plan

This section emphasizes on the tactics applied in carrying out the explora-
tion for significant and major studies. We applied both manual (inference
proceedings and business journals) and automatic searches (electronic
databases).

2.2.3.1 Search Words

In order to ensure and enable that the literature review sticks to the theme
of decision making and Big Data analytics, we restricted our search string
to the most essential and important words (e.g., Decision, Big Data analyt-
ics, Business Functions and Decision-Making Model) that we derived and
retrieved from the defined and explained research questions.
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We also carried out different tests applying the identified terms. Actually,
five aspects and areas of the search string were derived so as to finalize
it. The search strings comprised of various terms: (Business Functions,
Corporate Decisions, Corporate Decision Making, Decision) returned less
or least essential results or outcomes as these terms or words are majorly
applied in the business literature (not connected and similar to Big Data
analytics).

In order to limit our research to the most essential results or outcomes,
we applied the necessary logical operators or terms: (“Decision Making”
or “Decision Making Process” or “Decision Making Model”) and (“Big
Data Analytics” or “Big Data”).

Regardless of having the reasons and motives for applying the above
search string, the words in it could not have recognized various papers
(such as “Larger Scale Complex Systems”) that so not apply the search
words. Therefore, this is a related threat to this research study (see
Section 2.4); the level of which is not recognizable without more and
comprehensive exploration.

2.2.3.2 Resources

The applied resources are categorized into Management and Business;
Electronic Database and Companies” Technical Reports are also referred
to as White Papers and Software Engineering Scientific Journals.
Information pertaining to the used (applied) resources is stated in the
following:

o Electronic Databases: Business Source Complete, Science Direct
and ACM Digital Library.

o Scientific Journals: Journals of Decision Systems, Journal of
Organizational Design, Software Experience and Practice,
Leadership and Strategy Journal, Journal of Big Data, Information
Systems Engineering and Business Journal and Harvard Business
Review.

o Others: Published technical reports by famous organizations include
Capgemini, McKinsey and IBM.

In regard to automatic explorations, the exploration was conducted by
covering and entailing the meta data in regard to the Business Complete
Source and a complete text collection (text and meta data) of the literature
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in regard to both Science Direct and ACM Digital Library including a
well-detailed scientific database in business. For electronic storages that
index various aspects of knowledge, intellect such as Science Direct solely
leads to within the areas of business, computers, account, management
including decision science.

2.2.4 Selection Criteria

This aspect emphasizes on the exclusion, the inclusion criteria and the
procedures of quality assessment including the process of selection so
as to ensure that solely significant and essential literature outcomes are
accepted and acknowledged for the evaluation in the SLR.

2.2.4.1 Inclusion Criteria

+ ICI: Research studies must be written and emphasized in English.

« IC2: Research studies must be published between January 2005 and
February 2016 as Big Data may or might not have been recognized
much earlier than 2005.

« IC3: Research was similar or the same to Big Data in the managerial
context (the concentration of this SLR).

» IC4: Research studies need to be present in complete version.

o IC5: For duplicated (copied) works, the most completed and finished
one was chosen.

2.2.4.2 Exclusion Criteria

« ECI: Dissertations, books and theses (in part as a result of time chal-
lenges and limitations in glancing through this voluminous and
large literature, while in part, some of the research works need to be
anticipated in a research publication form).

« EC2: The research paper which did not attain the inclusion criteria
was exempted.

2.2.4.3 The Selection Process

The selection stage consists of five protocols and techniques derived from
Kitchenham and Charters (2007) and Biolchini et al. (2005).
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« Step 1: A manual exploration was carried out in management and
business journals including conference proceedings. The results and
outcomes were actually evaluated by their abstract and title. The
research studies necessary to the research context were chosen and
the second list or details of the selected and chosen research stud-
ies were formed. As suggested by Kitchenham and Charters (2007),
the result led to the initial electronic exploration in a vast number
of nonessential papers. Following this, nonessential outcomes or
details were exempted for more assessment.

 Step 2: An automatic and instant research was carried out and con-
ducted. Initially, the results or outcomes were evaluated or assessed
by their abstract and title. The research studies seen to be relevant
and essential to the research context were chosen, and the primary
and major array of the chosen studies was formed.

« Step 3: In this stage, the chosen research studies were evaluated by
reading and going through their conclusion including the introduc-
tion sections. The research studies seen as necessary and essential
to the research context were majorly chosen for the next steps; at
the end of this stage, the fourth list of end results or outcomes was
explained and defined.

« Step 4: In this step, the two lists were amalgamated into a sole one.

o Step 5: The final stage improved the selection, majorly since the
research studies were entirely read, criticized or evaluated in regard
to the filter provided and created by the previous steps and of the
contextual relevance. In this step, the process of quality assessment
was used and adhered to and then the final or last list with chosen
results was formed.

2.2.5 Data Extraction

In order to appropriately arrange and coordinate the chosen research
papers added to the SLR, a template comprised of the necessary charac-
teristic was applied: Authors, Title, Study ID, Year of Publication, Source,
the Designated Questions they referred to, Full Reference including the
essential statement to assist to answer and tackle the defined questions.

2.2.6 Quality Assessment

In regard to Kitchenham and Charters (2007), also to the entire exclu-
sion and inclusion condition, it is majorly seen as essential to evaluate the
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quality and significance of the primary studies. Also, Kitchenham empha-
sizes that quality assessment is essential: (i) To guide the interpretation
of findings, (ii) to provide and ensure more detailed and comprehensive
exclusion and inclusion criteria, (iii) to determine the strength of the
interference, as well as (iv) to give recommendations and suggestions for
further and future research.

For this chapter, the necessary questions in regards to quality assess-
ment were defined:

+ QA 1: Does the research paper handle the use and application of the
Big Data analytics in decision making?

o QA 2: Are the research applications or outcomes described in detail?

+ QA 3: Are the aims and objectives of the research visibly emphasized?

In regard to the quality assessment, solely papers which addressed and
emphasized the questions of quality assessment including at least one of
the defined research questions in this chapter were chosen to be applied
to this SLR

2.2.7 Descriptive Data and Analysis

During the automatic search (first technique), an aggregate of 1,652 out-
comes was recognized. After using the exclusion and inclusion criteria
and studying the abstract as well as the title, solely 50 research studies
were seen to be essential and relevant. Also, an aggregate statistics of
23 papers was chosen during the manual search (second technique and
step) in regard to the exclusion and inclusion criteria. A third list was
explained and emphasized by amalgamating the outcomes from the two
previous lists, making it a total of 73 papers.

After examining the conclusion including the introduction of each arti-
cle, 49 papers were seen essential as well as chosen for the next procedure
and stage that comprises of reading the entire research work as well as
using the assessment and evaluation technique. Also, scoring principle
and technique was applied in this stage.

The research studies which did not attain the criteria of the evaluation
quality and failed to emphasize at least one of the defined research ques-
tions were exempted from the review (29 out of 49). Also, the exempted
research studies emphasized on points that are not similar or connected to
the major aim and objective of this SLR (see Section 2.1). These highlights
entailed: (i) analytics framework, (ii) algorithms and analytics techniques,



30 « Big Data Analytics

(iii) business analytics and intelligence, (iv) execution of tools for the dis-
covery of value, (v) policies and issues for applying Big Data analytics in
government and (vi) process for beginning to apply Big Data (informa-
tion) in organization to list few of them.

At the end of the selection process, 20 research papers were selected for
this SLR and considered to be relevant. There were 11 studies; 4studies
(20%) were published in the conference proceedings, 11 studies (55%) were
published in scientific journals, while 5 (25%) white papers were authored
by famous organizations. Also, 25% (five research studies) stressed on the
information or data to answer RQ3. Forty-five percent (nine research stud-
ies) covered RQ1. RQ4 was addressed and emphasized by 25% (5 research
studies) and, lastly, around 65%, which is the majority (13 Studies) of the
papers addressed and emphasized RQ2.

Table 2.1 depicts the distribution and the dissemination of the results
of the research studies in regard to the questions they emphasized. The

TABLE 2.1
Chosen Major Studies
Emphasized Research
ID Authors Questions (RQ)
S1 Lavalle et al. (2011) RQI, RQ2
S2 Fan et al. (2015) RQI, RQ2
S3 Lukize (2014) RQ3, RQ4, RQ2
S4 Colas et al. (2014) RQ2
S5 Davenport (2013) RQ3,RQ1
S6 Capgemini (2012) RQ2
S7 Economist Intelligence Unit (2013) RQI, RQ2
S8 Ziora (2015) RQ1, RQ4
S9 See and Way (2015) RQ4, RQ2
S10 McKinsey & Company (2011) RQ4
S11 Brown-Liburd, Lombardi, & Issa (2015) RQI, RQ2
S12 Venkatraman and Henry (2015) RQ4
S13 Puto and Ko$cielniak (2015) RQ2
S14 McAfee et al. (2012) RQ2
S15 Xu, et al. (2015) RQ1
S16 Probst et al. (2013) RQ3
S17 Hoskisson and Philips-Wren (2015) RQI, RQ2
S18 Schermann et al. (2014) RQ2
S19  Galbraith (2014) RQ3, RQ1, RQ2

S20 Davenport (2014) RQ3
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TABLE 2.2

Numbers of Research Studies by Year

Year 2015 2014 2013 2012 2011
Statistics of Papers 8 5 3 2 2

dissemination of papers numerically by research questions can be viewed
in Table 2.1. The yearly publication through the distribution of studies is
exhibited in Table 2.2. As it can be visibly viewed from the table, the Big
Data centric outcomes regarding the concentration of this SLR seem to
reappear in the literature around 2011 when this research area started to
attract attention in the community.

2.3 RESULTS AND DISCUSSIONS

This section emphasizes on the outcomes derived or obtained for each
defined research question in Section 2.2.2.

2.3.1 RQ1: Which of the Business Functions Are the
Outcomes of the Big Data Analytics Applied?

Generally, any business functions can majorly apply the Big Data analytics
to make and ensure informed decisions. Instances are scampered in the
literature. We recognize nine business functions in this SLR and include
instances for each of the functions in terms and regarding how the Big
Data analytics can be applied in the process of decision making:

o Audit: Enhancing the audit protocol efficiency as in evaluating
external data or information in the assessment and evaluation of
fraud risk, client (customer) business risk and internal control.
Actually, it seems that practice is widely taking more hold in regard
to the business function diversity, where the results or outcomes of
the Big Data analytics are being applied to apply decisions that could
emanate and transpire from the SLR discoveries. Also, empirical
research studies are visibly required to unveil more information and
facts.

+ Risk management (Lavalle et al., 2011): Have a comprehension on
credit risk, market risk including operational risk, e.g., what actions
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must be applied so as to minimize the risks? What are the vulner-
abilities of our business?

« Manufacturing/Operations (Economist Intelligence Unit, 2013;
Lavalle et al., 2011): Comprehending variances which could be indi-
cators of quality challenges and constraints. Decisions could entail,
e.g., How to define the future strategy to improve our daily activi-
ties? How to automate our activities and operations?

o Financial management/Investment decisions: Have a proper
insight into how to expend or use funds including how to borrow
funds such as what can be appropriately done to allocate capital so
as to maximize and increase its value? What investment strategy to
venture in? How much to borrow?

« Human resources (Ziora, 2015; Economist Intelligence Unit, 2013):
Recognize attributes of most of the successful employees, apply the
predictive modeling to comprehend the workforce, the application
of cross-functional data or information with the promotion protocol
or procedure, etc. The decisions entail enhancements in the retention
and hiring process. Decisions entail process enhancements; which
staff to fire, retrench and hire with the information in the human
resources department could be applied to form and ensure a larger
context. This can be applied to assess the efficiency of employees.

+ Supply Chain (Lavalle et al., 2011): In supply chain, organization
apply Big Data to ascertain and emphasize the outcome of its supply
chain including monitoring, evaluating and measuring the supply
chain hazards making decision pertaining to product, place, etc.
Questions such as “What are the quality control techniques to be
applied?” can simply be tackled by applying the Big Data analytics.

+ Productivity and sales (Economist Intelligence Unit, 2013; Lavalle
et al., 2011; Davenport, 2013) define sales tactics: For example,
How effective is our present sales strategy? Does our present sales
staff (employee) require tutoring to maximize sales? How much do
we need to invest in training? What can we do to enhance our pres-
ent sales strategy? Is there a means to minimize that cost with a bet-
ter tactics? And lastly optimizing sales resources assignments.

« Marketing management (Hoskisson & Philips-Wrens, 2015;
Galbraith, 2014; Davenport, 2013): Marketing decisions such as cli-
ent perspectives toward a company, service, product or marketing
promotions such as when and where to release the product? How to



The Responsibility of Big Data Analytics « 33

define the product marketing tactics or plans? What form of visual
assistance must we apply in a product campaign?

o Product development and research (Ziora, 2015; Xu et al., 2015;
Lavalle et al, 2011): Organizations can apply Big Data to make cur-
rent product decisions; what attributes must the goods have to attain
the customers’ preferences? How can we enhance the product design?

2.3.2 RQ2: What Are the Challenges in Applying Big Data
Analytics Outcomes for Better Decision Making?

While Big Data analytics provides numerous benefits and advantages to
the users, it also brings some obstacles and challenges. In the context of
Big Data analytics, organizations experience serious setbacks, both at the
technical and managerial levels. While at the technical level, the paradigm
of the Big Data imposes various obstacles as a result of majorly unstruc-
tured and incoherent data (The Economist, 2013) for which tools are still
at the infant stage or infancy (Capgemini, 2012).

At the management stage, an organizational silo can ensure that the
decision making is suboptimal if data and information is not pooled or
aligned together across the silos, for the purpose of the organization or
firm at large. Also, Silos are challenges in effectively and efficiently migrat-
ing information and data across the organization, thus resulting in the
potential and capability for inconsistent and incoherent reporting among
the possible or necessary geographically distributed business categoriza-
tions (Capgemini, 2012). Also, the Silos can result to organizations to have
challenges of not having relevant and timely data and information across
the business functions for an effective and a better decision making.

A study conducted by MIT’s Sloan School of Business indicates that
organizations that engage and involve in data-driven (propelled) decision
making experience a 5-6% rise in productivity and output over the ones
that do not (Economist Intelligence Unit, 2013). However, the impedi-
ment in aligning and joining business strategy with data decision making
(Hoskisson and Philips-Wren, 2015; McAfee et al., 2012) is seen as one of
the most major challenges organizations experience in the era of Big Data
analytics as it needs and entails an organizational cultural change which
entails social, technological and intellectual alignment.

The leveraging of the Big Data usually entails working across functions
such as IT, Finance and Engineering, for example (Colas et al., 2014). Also,
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TABLE 2.3

Challenges in Applying Big Data Analytics Results in Organizations

Similar Decision-Making Challenges

References

Time to evaluate the information and datasets
Leadership of analytics initiatives

Challenges in integrating or aligning their own
(personal) data sources within the company or
organization

Talent management
Unavailability of clear or vivid business goals

Inconsistent or incoherent information or data
reporting among geographies, business
organizations and functional operations

Necessary or timely data and information across
the organization

Managerial behavior/culture (resistance to
transformation, change or development within
the firm or company)

Decentralization or centralization tendencies
Organizational sales

Aligning and integrating data or information-
driven decision making with business
development or tactics of the analytics strategy

Special decision making

Lavalle et al. (2011)
Hoskisson and Philips-Wren (2015)
McKinsey & Company (2011)

Colas et al. (2014)
See & Way (2015)
McAfee et al. (2012)

Schermann et al. (2014)
Liburd-Brown et al. (2015)
Economist Intelligent Unit (2013)

Schermann et al. (2014)
Puto and Ko$cielniak (2015)

Galbraith (2014)
Puto and Ko$cielniak (2015)

where the cross-functional techniques are of minimal activity, organiza-
tions are not willing to take the benefit and privilege of the power of the
Big Data. Table 2.3 states the challenges to applying the results of the Big
Data analytics in organizations.

2.3.3 RQ3: How Are the Outcomes of Big Data
Analytics Applied by Management in
Organization Decision Making?

The SLR analysis indicated that regardless of the identification of the need
or essence to apply and comprehend the data (information) in organiza-
tion decisions (Capgemini, 2012), there has been little or minimal scientific
research; five papers since 2013 intended at comprehending how to apply
the analytics results in the process of decision making of organizations.
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Fourteen of 20 recognized papers address and emphasize on the benefits
and advantages of applying the Big Data analytics to support and backup
decision making but not on understanding and comprehending on how to
apply the results in decision making.

Galbraith (2014) indicates and emphasizes that the analytics results,
during the analysis stage, must be carried out in realtime by fast and
swift response teams. This can affect and influence decision making. He
emphasizes that the analytics results must be applied such that the team
needs to discuss the insights as well as decide on the responses in regard
to the real-time action.

However, an essential factor needed to be considered is how to orga-
nize and coordinate activities in order to facilitate and ensure real-time
decisionmaking. A recommendation and suggestion is that organization
needs to have multifunctional teams who are in constant and regular con-
tact with the generated data from various sources to respond and react to
real-time inputs. The data and information from the various sources are
then processed and evaluated by the analytics tools, while the results are
applied to make real-time decisions. This process and stage ensures orga-
nizations to influence and affect the outcome as well as to prohibit bad
outcomes before they transpire.

An instance of how Big Data analytics ensures real-time decisions in
managing supply chains is established by Galbraith (2014). At Organization
A, there are actually designed and prepared rooms with video screen on the
walls as well as computer access and link to different databases. The rooms
are designed and prepared to promote cross-functional and real-time deci-
sion making. Therefore, when a paper machine’s embedded sensors at the
Pampers Plant is at a particular location entails that it requires and demands
maintenance, a shutdown of plant is scheduled. If it seems that the machine
will shut down for a while, then the decision and outcome is made to supply
Organization A from the Albany, Georgia Plant. The analytics willingness is
applied to know the appropriate way and manner to reroute tracks and also
will attain other delivery commitments to clients.

In a research study carried out by Probst (2013), within different IT
firms that form and create analytics tools, an essential part of how to han-
dle analytics outcomes was emphasized and printed. Evaluate the infor-
mation or data as well as generate intuitive and fast reports, the known
and named friendly user reports that intend to cater organizations with
competitive advantages and to empower organizations decision mak-
ing as well. The presence of easy and simple to read reports can assist
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organizations in enhancing their decision-making capability as it results
in significant or clear data, thus ensuring that it is simpler for the decision
maker to comprehend.

Davenport (2013) forwards six techniques to decision making in regard
to Big Data. These techniques entail:

o Identification of a challenge or problem

« Check and evaluate previous findings

 Choose the variables including modeling the solution
» Gather the information (data)

o Evaluate the information (data)

« Present, forward or work on outcomes

In these techniques, for the qualitative decision-making process, the con-
centration is on the first and second steps including the final procedures of
the steps that comprise (i) framing the challenges and problems, recogniz-
ing it; (ii) comprehending how others might have solved and tackled it in
the past; (iii) modeling the solution;(iv) gathering the data; (v) evaluating
the data; and (vi) presenting and forwarding the analytics results as well
as acting and working on the results.

For a quality decision making, abiding to the six techniques accordingly
is essential, making important and necessary to formulate well-detailed
and comprehensive hypotheses, get secondary and primary data on the
hypothesized variables and lastly use statistical techniques so as to moni-
tor and evaluate the importance and essence of the information or data.
Provided with the size and volume of the Big Data, in these techniques,
the Big Data analytics outcomes are applied in a manner where they tell
a story to stakeholders and decision makers, and in regard to that story,
the outcomes will be provided while action will be carried out upon it.
Also, in these techniques, the expertise including the judgment of decision
makers is essential as they are applied for the final outcome.

To apply the results of the Big Data analytics in regard to decision mak-
ing, P&G (described by Colas et al., 2014) created and provided an initia-
tive referred to as the “Decision Cockpits” that can be defined and seen
as dashboards that provide and create executives with visual and visible
exhibitions of information on market trends and business performance.
The notion is to provide and ensure a single and a sole source of truth
for the information across business units and geographies. They can pro-
vide and ensure a real-time automated information notification as well as
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customized. In this manner, the results of the Big Data analytics assist in
accelerating decision making as well as minimizing time to market (Colas
et al., 2014).

2.3.4 RQ4: What Aspects or Areas of the
Decision-Making Process can be Affected
and Influenced by Big Data Analytics?

In the traditional aspect in regard to the process of decision making,
decisions entail human agent experience skills including verdict. In the
context of the Big Data, organizational decisions are wholly or partly
substituted by automated algorithms such as the data-driven evaluation,
which is applied rather than intuition. Thus, this entails that any of the
steps and techniques of a human decision-making process (such as gather
the information, identify the problem, evaluate the situation, evaluate and
develop alternative, select the preferred and necessary action and alterna-
tive upon the problem) changes or eliminates in some way, majorly intro-
ducing and launching modern steps and techniques for the human agent.
In this context, Venkatraman and Henry (2015) emphasize that there is
little dependence on subjective managerial inputs as a result to the process
of real-time insights from Big Data so as to make and ensure quality data-
driven decisions.

Lastly, the cost, time and effort entailed in making a decision as well as
evaluating it may be influenced by the application of the Big Data analytics
(Ziora, 2015).

I
2.4 THREATS AND LIMITATIONS

First, we emphasized on some of the SLR limitations, followed by the
validity threats. A glaring limitation entails that the interlinkage of orga-
nization decisions and Big Data is a major trending theme, with major
concentration on Big Data analytics. Therefore, the challenge of discov-
ering relevant and prompt studies must be seen as a limitation and a
constraint. Also, not every of the electronic databases provides the exact
forms of attributes in applying the emphasized search strings. Therefore,
the search strings require a little amendment so that they could effectively
be applied.
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In regard to threats and impediments to validity, some of the threats
were seen when evaluating the results of the SLR:

+ Construction validity: All the drawn conclusion is exhibited to have
been in-depth in precise and a particular core section of this par-
ticular chapter. Therefore, there is traceability. However, there can
be an emphasis that the extraction of information and data from the
chosen papers could be biased. This was emphasized in two forms.
One of the applications of two researchers (secondary and primary)
including allowing amendments in the interpretation is significant.
The second entails the application of information extraction sheet
(see Section 2.2.5) applied to gather the necessary data to be applied
in this SLR. The outcomes of this chapter are focused and concen-
trated on organized information.

+ Construction validity: Pertaining to the search string applied in
this SLR (see Sections 2.3.1 and 2.3.3), we applied the considered
words which are necessary and appropriate so as to make the string
as comprehensive and well detailed and necessary so as to bring out
the most essential literature. We carried out different tests applying
identified and recognized words and finally five aspects of the search
string were formed and derived so as to decide upon the final version.
Therefore, this threat was properly and appropriately contained.

 External validity: This threat entails whether the discoveries are
used in contexts instead of those applied in this research study. An
SLR study is not the same thing with a scientific experiment or a case
study where this threat is of core and major essence since there are
environmental projects (e.g., scopes) outside the researched study
where one may intend to use the experiment results and the case
study. Since the scope of the chosen data in the SLR study entails the
universe to be allowed, this threat is not seen as relevant and essen-
tial here. Although collaborative effort or despite care, it is challeng-
ing or a constraint to generate or assure that all relevant or necessary
concepts and published works pertaining to the theme were added
into this SLR.

« Internal validity: Presently, the selection stage (see Sections 2.2.4.3
and 2.4) in this SLR was carried out by two researchers at the same
time and any form of disagreement was stated and emphasized to
reach an agreement from both researchers. In carrying out this, we
intended to limit and reduce any threats to the internal validity.



The Responsibility of Big Data Analytics « 39

In regard to the manual exploration, it is essential to know that it
was carried out solely in a restricted array of sources (e.g., Journals,
Magazines, etc.). The other forms of information and data sources
were explored by applying automated exploration functions.

2.5 CONCLUSIONS

A systematic literature was carried out so as to answer four research ques-
tions (RQ1-RQ4, see Section 2.2) on the interconnection between the
decision-making process of organizations and Big Data analytics. The
theme is relatively modern and current, and to our understanding, no prior
SLR research studies on this theme have been embarked or carried out. The
stage and protocol of selection for determining and selecting the studies for
evaluation comprises five stages and techniques (see Section 2.2.4). After
using the quality assessment process as well as the exclusion and the inclu-
sion criteria, 20 studies were seen as important or significant and chosen to
be applied to this SLR (see Table 2.1 for the selected list of studies).

This SLR study provides four major contributions: (1) The comprehen-
sion of how the results of Big analytics can contribute to the decision-
making process (see Section 2.3.3); (2) the presentation and exhibition of
the state-of-the-art on the interlinkage or interconnection between the
decision-making process and the Big Data analytics (see Section 2.3.1-
2.3.4); (3) the array of obstacles and challenges for applying the analytics
in decision making (see Section 2.3.2); and (4) the identification and the
recognition of the business functions were the Big Data analytics has been
used (see Section 2.3.1). Collectively, their contributions add and include
the emerging and the new knowledge base in regard to the decision mak-
ing and the Big Data analytics. In regard to the study on SLR, we finalize
that the outcomes of the Big Data analysis play an essential, multifaceted
responsibility in the organization decision making.

In regard to the management position, two essential issues recognized
entail: (i) Collaboration across business functions (see Section 2.3.2) and
(ii) aligning and amalgamating data decision making with business strat-
egy. Also, in regard to the technical front, Big Data results in some con-
straints and impediments as a result of the absence of tools to evaluate
an array of attributes of the Big Data (such as velocity, volume, veracity
including variety).
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Without skepticism, analytics and Big Data form the pillars of numer-
ous organizations. Technology has introduced and formed a current and
modern digital globe that permits business to trace digital exercises of
millions of individuals through an array of multiple procedures that per-
mit organizations a private glance at purchasing habits and consumer
behavior. The collection of information has triggered other organiza-
tions (firms and industries) to keep them alert to the present situations.
Marketing information can provide exact and necessary opportunities
by including those in the marketing business to ensure an effective and
proper decision.

Gathering and generating Big Data in actual time, 24/7, will provide
an in-depth into what individuals are installing, purchasing and dialogu-
ing about. Collected information both offline and online can be aligned
and amalgamated to effectively decide and know what the final consumers
want and prefer to see, and what consumers or clients are probably deter-
mined to purchase. With the client and customer social interactions daily
occurring online, the organization can presently perceive and view which
of the marketing efforts were effective and which were not and amend
their strategies and tactics appropriately.

The rise in analytics and Big Data puts a magnifying and a tremendous
glass on the repercussions that emanate from the application of the web
in this global and internet age. Current and modern commodities pen-
etrating the markets presently have effective chances of discovering means
to differentiate and classify themselves, Kudos to the Big Data upcom-
ing commodities, which usually have a challenging task discovering their
target or major customer and client. Presently, with the application of the
analytics or data act, it will be much convenient or better to check on how
to reach those clients, which ones to completely desist and the most appro-
priate way to reach there. Big Data ensures the same benefits to be formed
and created commodities, but more essentially, it assists these popular
and famous brands to stay relevant and popular in their demography and
also build and create current consumers that would have never been con-
scious before.

Also, it is not right and factual that presently organizations do not have
the freedom and proper analytic tools to turn and transform the eco-
nomic volume of information and data into essential and relevant mar-
keting knowledge leading to valid and better decisions that are indirectly
affecting and influencing marketing campaigns. They will assist firms
(in some form of analytical-qualitative manner or form) to support and
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backup everyday constant routine marketing activities, sustain and build
up strategies and also tactical benefit in business and essentially to aid
them in effective planning or execution (referred to as coordination) of
future market exercises and activities. From present times, these tools are
better and effectively referred to as productive analytics. However, they
entail techniques described and emphasized by well known, famous and
popular rules derived and obtained from the areas of statistics or econo-
metrics, where the attributes of simulation, modeling as well as forecast-
ing are also used.

It is not factual that organizations are not applying the considerable
or necessary investments in ensuring sophisticated analytical systems
or techniques so as to better evaluate and assess the saturating external
environmental factors that have an impact on profitability (or return) and
majorly concentrate on the evaluation and the assessment of consumer
groups and profiles, behaviors, styles of living, life time trend values and
so on. These organizations identify incredible and tremendous value and
a whole lot of privileges and benefits standing for predictive information
and solution. Also, they try the best they can to apply and use them so
as to better comprehend and appropriately amend future communication
with consumers and planning effective price or product levels including
the application of necessary means of distribution. Such organizations do
not leave such benefits or privileges to unveil opportunities. Unutterably,
they require these analytical tools so that they can attest to pure facts and
numbers and not just the creativity and intuitions of the manager. For
these motives and purposes, they are conscious or convinced of the essen-
tial significance of sustaining or developing strong future alliances or con-
nections with clients, but above all, they feel thrilled or excited an urge
toward current or new approaches and models of data analysis pertaining
consumers. Thus, we attest and believe that their level and extent of inter-
ests in pursuing and attaining marketing mix through analytical will be
of ascending than descending.

Finally, the results of the SLR also demonstrate and showcase that there
has been less and minimal scientific research geared at comprehend-
ing how to apply the analytics outcomes or results in the organization’s
decision-making process. The majority of the important and essential
studies address and emphasize on the benefits or advantages of applying
the Big Data analytics to support and back up the decision-making pro-
cess. Thus, a comprehension on how to use and apply the results (out-
comes) to make better and decisions is still in its infancy.
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3.1 INTRODUCTION

The fuzzy set (FS) presented by Zadeh [1] copes with vague, conflicting
data. Some of the useful extensions of FS for handling imprecision and
uncertainty of information are intuitionistic FS (IFS) [2, 3], interval-
valued IFS (IVIES) [4], single-valued neutrosophic set (SVNS) [5], and the
interval neutrosophic set (INS) [6]. Recently, the FS and its extensions are
widely utilized to model several medical diagnosis processes [7-18].

It is observed that the data accessible to the clinical specialists during
the medical diagnosis of the patients are often uncertain, incomplete,
and inconsistent due to the constant variation of symptoms in some dis-
eases. Therefore, uncertainty, incompleteness, and inconsistency must be
taken into consideration in any medical diagnosis problems. To integrate
undetermined and incompatible information, besides vague informa-
tion, Smarandache [19] proposed the neutrosophic set (NS). The NS [19] is
expressed by three self-governing membership grades, namely, the truth,
indeterminacy, and falsity memberships. Wang et al. [5, 6] proposed the
SVNS and the INS, which are the subcollections of an NS [19]. Ye [20]
introduced the single-valued neutrosophic cross-entropy measure. The NS
[19] and its extensions also have wide applications in clinical investigation
problems. Ye [21] introduced the improved cosine similarity measures for
the SVNS and the INS and utilized those for clinical analysis problems.
Mondal and Pramanik [22] proposed the tangent similarity measure and
the weighted tangent similarity measure for an SVNS and utilized those
for clinical diagnosis. However, in some clinical diagnosis problems, indi-
cators and inspection information of several diseases may vary at different
time intervals. In such situations, INS [6] is more preferable to SVNS [5]
for expressing the diagnosis data.

Aggregation operators have played an important role in clinical diagnosis.
Broumi et al. [23] proposed the N-valued INS and studied its application
in clinical diagnosis. Ahn et al. [24] applied the interval-valued intuition-
istic fuzzy weighted arithmetic average operator to model a medical diag-
nosis process of headache. Hu et al. [25] established a multicriteria group
decision-making (MCGDM) model by utilizing the similarity measure of
intuitionistic fuzzy soft sets (IFSS) and the weighted intuitionistic fuzzy
soft Bonferroni mean for medical diagnosis. Ngan et al. [26] developed an
approach for the clinical diagnosis of X-ray pictures based on aggregation
operators. Accuracy is very essential for decision-making during the medical
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diagnosis process of diseases based on the information from the symptoms.
The weighted aggregation operators [27-31] often deal with situations where
attributes of the problem are independent of one another. However, during
decision-making in a medical diagnosis process, the attributes representing
the symptoms of a disease are often interrelated. The Choquet integral (CI)
[32] based on the fuzzy measure [33] is an influential aid for expressing cor-
relation between the attributes and it can also provide a robust decision even
from limited information. Recently, several decision-making methods [34-
39] are developed based on the CI [32] operators under the neutrosophic
environment. Trabelsi et al. [40] developed a breast cancer detection system
based on the CI [32] for feature selection.

Many conventional aggregation operators don't reflect correlations
among the input arguments. Yager [41] proposed some power averaging
operators such as the power average (PA) and the power ordered weighted
average (POWA) operators, where the weighting vector depends on the
input arguments. It has been observed that power averaging operators [41]
can allow the aggregated values to boost and strengthen one another. Xu
and Yager [42] introduced some geometric power aggregation operators.
Zhou and Chen [43] introduced the generalization of the power average
operator [41]. Recently, several MCGDM methods [44-46] are proposed
based on the power average operator (PAO) [41]. Yang and Li [47] pro-
posed some neutrosophic power average aggregation and developed an
MCGDM method. Liu and Tang [48] proposed several generalized power
aggregation operators under the interval neutrosophic environment. Peng
et al. [49] introduced some new aggregation operators by combining the
PAO [41] with the Shapley function-based CI [32] under the SVNS.

Big data analytics is a procedure of investigating large data to reveal hidden
information about patterns, relationships, market tendencies, client prefer-
ences, etc. Big data analytics can help establishments to take well-versed
business decisions. Big data analytics is used for decision-making in numer-
ous areas such as information technology, healthcare, public security, graph
mining, social network analysis, health analytics, and medical diagnosis
analysis. Raghupathi and Raghupathi [50] provide a review on huge data
analysis in the medical sector by describing the capacity and possibility of
huge data analysis in medical services. Belle et al. [51] studied three optimis-
tic areas of huge data analysis in medical services such as Image processing,
Signal processing, and Genomics. Sun and Reddy [52] discussed the features
and associated obstacles in data analysis with big medical data. Mehta and
Pandit [53] provided a methodical investigation of the opportunities of large
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medical data with its applications and challenges. Archenaa and Anita [54]
provided an observation of the efficiency of Hadoop on large medical and
government data. Chaudhary et al. [55] studied consumer behavior toward
social media using big data analytics. Alam [56] introduced the concept of
cloud algebra for the cloud-based data management system. Kaur and Alam
[57] described the importance of knowledge engineering for the develop-
ment of a hybrid knowledge-based medical system. Alam and Shakil [58]
introduced a background for infrastructural development in a cloud-built
system. Alam and Sethi [59] discussed several situations for recognition of
probable covert channels and prevent the strikes. Shakil and Alam [60] pro-
posed an approach defining k medians in cloud data management. Alam
et al. [61] proposed a five-layered framework for a cloud-based data man-
agement scheme. Shakil et al. [62] introduced an efficient environment for
accomplishing university information utilizing a cloud environment. Khan
et al. [63] proposed a framework that can manage big data in a cloud-based
system. Alam et al. [64] studied big data analytics in a cloud system using
Hadoop. Kumar et al. [65] introduced an entirely homomorphic encryption
system for improved protection in cloud-based computation. Malhotra et al.
[66] introduced a method for converting relational database management
system (RDBMS) queries into map-reduced codes. Shakil and Alam [67]
discussed cloud computing for bioinformatics researchers. Malhotra et al.
[68] analyzed big data system architecture and provided a comparison of
various big data analytic approaches. Khan et al. [69] introduced a big data
analytics tool for the education sector that uses cloud-based technologies.
Khan et al. [70] demonstrated the usage of outcome perspective to calculate
superiority metrics and generate visual analysis. Khan et al. [71] provided
surveys on big data and discussed the data analysis procedure for large data.
Shakil et al. [72] provided a prediction model for diseases like dengue with
the data mining tool Weka. Shakil et al. [73] proposed a cloud-based sys-
tem BAM Health Cloud for the management of healthcare data. Khan et al.
[74] introduced a scheme to investigate the large data of Twitter. Ali et al.
[75] presented a survey on the causes and difficulties related to the massive
energy digestion by cloud data sources and formulate a classification of mas-
sive energy digestion issues and their associated remedies.

MCGDM can contribute significantly to the healthcare industry with
big data to recognize the entire assessment procedure by presenting a deci-
sion aid [76]. Palomares et al. [77] introduced an MCGDM model using the
fuzzy aggregation functions for data analytics studies in the research areas
of web safety and the insider risk problem. Ullah and Noor-E-Alam [78] pre-
sented a fuzzy MCGDM method for decision-making under the graphical
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information generated from big data. Thus, MCGDM in healthcare with big
medical data has a huge possibility of enhancement of the standard of medical
care, dropping leftover and fault, and minimizing the cost of maintenance.

The medical diagnosis problem is rather complex than many other
assessment problems. Therefore, it becomes indispensable to express the
patient’s diagnosis report from the symptoms appropriately and analyze
them accurately. For this purpose, (1) the information about a disease
obtained from symptoms can be expressed using INNs; (2) in most of
the cases, there will be correlations among symptoms, and then the CI
[32] can be utilized to deal with such situation; and (3) also ignoring the
relationship among different symptoms may lead to an abnormal impact
on the final diagnostic result. To reduce such abnormality of choices, the
PA [41] can be combined with the CI [32] operator to propose a new power
CI operator for aggregating information from the symptoms of diseases.
MCGDM methods are extensively applied in various fields such as trans-
portation, migration, education assessment, investment, data analytics,
energy, defense, etc. But the development of MCGDM methods is rela-
tively slow in the healthcare sector. Medical diagnosis is an integral part
of healthcare. The complexity of MCGDM in medical diagnosis increases
if the patients belong to a big data sample. Especially, during a pandemic
situation when medical resources are limited, it becomes essential to
provide immediate treatment to the most serious patient, so it is neces-
sary to provide an appropriate decision-making tool such as the aggrega-
tion operator. The introduction of an adequate aggregation operator for
decision-making in clinical diagnosis depends on the symptoms of dis-
eases. If symptoms of a disease are interrelated, then CI-based aggregation
operators are considered more useful as compared to weighted aggrega-
tion operators. Also, ignoring the connection between various symptoms
might lead to an anomalous influence on the medical diagnosis report.
Such anomaly in medical diagnosis can be overcome by combining the
PA [41] with the CI [32] operator. This motivates us to propose interval
neutrosophic Hamacher power CI (INHPCI) and interval neutrosophic
Hamacher power geometric CI (INHPGCI) operators by combining the
PA [41] with the CI [32] as an MCGDM tool for aggregating diagnosis
information with correlated symptoms of diseases.

The main goal and the contribution of the present study are as follows:

1. To represent the symptoms of diseases in terms of INNs.
2. To introduce two new Choquet-based PAO which deal with the cor-
relation among the symptoms.
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3. To develop an MCGDM method using the proposed INHPCI, and
INHPGCI operators for decision-making in the medical diagnosis
process.

4. To establish the efficiency of the proposed MCGDM model in medi-
cal diagnosis by an illustrative example.

The present study can contribute significantly toward complex decision-
making procedures in the healthcare sector owing to the influence of the
proposed INHPCI and the INHPGCI operators even if the symptoms of
the diseases are correlated. The proposed MCGDM method can also con-
tribute to various healthcare sectors such as the selection of medical equip-
ment, X-ray diagnosis, cardiology, and cancer patient’s diagnosis, optical
disease detection, dental care, etc. The proposed method is expected to
be more effective for MCGDM in medical diagnosis for big medical data.

The remaining of our study appears as follows. Certain fundamental
concepts and notions have been discussed in Section 3.3.2 and proposed
INHPCI, and INHPGCI operators with their desired properties are dis-
cussed in Section 3.3.3. An MCGDM model established using the pro-
posed operators for the medical diagnosis of diseases under the interval
neutrosophic environment is discussed in Section 3.4. Section 3.5 presents
an exemplifying instance to validate the proposed model. The last section
contains the final remarks and some future research directions.

3.2 PREREQUISITE

Here, we briefly describe several applicable concepts and notions from the
prevailing literary works essential for the progression of the present work.

3.2.1 SVNSs and INSs

The SVNS [5] is defined as follows: Let X be a space of points (objects), and
let x be a generic element in X. A single-valued neutrosophic set (SVNS)
A in X is an object

A={<x,TA (x),14(x),F4 (x)>|x IS X}

where T, :X —[0,1] is the truth-membership function, I,:X —[0,1]
is the indeterminacy-membership function, and F,:X —[0,1] is the
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falsity-membership function. Thus, for each point x in X, we have
OSTA(X)+IA(X)+FA(X)S3.
As an extension of SVNS, an INS is defined [6] by an object

A={(x,Ty (%), 14 (%), Ex (%) )| x € X}

where T, is the truth-membership function, 1, is the indeterminacy mem-
bership function, and F, is the falsity-membership function such that for
each point x in X, we have that T, (x)c[0,1],1,(x) <[0,1], B, (x) =[0,1].

An INS [6] can provide a value that ranges for the truth, indeterminacy,
and falsity rather than single values for each of these quantities. As a par-
ticular case of INS, INN has defined as an object & given by the expression
v =T, Y1115, 191, [EF , FY 1), where each component of & is an interval
number.

3.2.2 The Score, Accuracy, and Certainty Functions of INNs

Sahin [79] proposed a novel score and accuracy functions for the ranking
of interval neutrosophic numbers (INNs) and are given as follows:

For an INN ﬁ { TL T~ [IL IU] FL FU 1), the score S(ﬂ) and the
accuracy A(f) functlons of ﬁ are, respectlvely, defined as follows:

S(B)= 2+(Tj +Tj )—2(;5”/3 )-(E5 +E5) (.1)

where S([i’)e 1,1

a(p)- BB B OB B O-B)-R0-5)

where A(B) e [-1,1].

We note that if S(&t) > S(¥), then @ > v and if S(it) = S(¥) and A(i1) > A(V)
thenii > v where i and v are INNs. For more details about possibility degree
and comparison for INNs, the readers are referring to Zhang et al. [80]

The possibility degree P(ii =) [31] of interval numbers i = [u*,u"] and
v=[v",vY]is given as

VU—LIL
P(#27)=max 1—max{ o L,o},o. (3.3)
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3.2.3 Hamacher Operations

Hamacher proposed the Hamacher operations [81], which contain
Hamacher product ® ; and Hamacher sum @y and are given by

op
y+(1-7)(a+B-ap)

a+pB-af—(1-y)op
1-(1-7)ep

when y=1 the Hamacher product ® ; and Hamacher sum @, reduce to
algebraic product and sum, respectively as

T, (o, B)=0p (3.6)
Si(a,B)=a+p-af (3.7)

And if y=2, the Hamacher product ® ; and Hamacher sum @ reduce to
the Einstein t-norm and ¢-conorm, respectively, as

T,(o,B)=a®y = ,7>0 (3.4)

S, (a.B)=0®y = y>0 (3.5)

_ off
Tz(a,ﬁ)——H(l_a)(l_ﬁ) (3.8)

_oa+p
Sz(a,ﬁ)—lmﬁ (3.9)

Some additive generators [82] for various t-norms and ¢-conorms with
conditions, and based on which additive generators of Hamacher ¢t-norm,
and t-conorm [83] are given in Table 3.1.

TABLE 3.1
Additive Generators of Hamacher t-norm and t-conorm
Hamacher t-Norm/t-Conorm Additive Generator
of r+(1=pu
t-norm T(a,p)= fw)=In"——"=,y>0;
) 1= (o B-ap) u
N 4
S= o
t-conorm S(a,ﬂ):a+ﬁ_aﬁ_(l_y)aﬁ g(u)=ln7y+(l_y)(l_u),y>0;
1-(1-y)op 1-u

u

= e —1
= , 7>0
g W e'+y-1 Y
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3.2.4 The Power Average (PA) Operators
A mapping [41] PA: R" — R defined by

n

2(1+T(/3,.))/3,-
PA(ﬂl,ﬁz’--an): i:1n

Y (1+7(B))

i=1

is called PA operator, where T(ﬁ,—):Z?z; Supp (B;,B;) and Supp (B:.B;)
is the support of ; from f3;, and Supjﬁ(ﬁi, ;) satisfies the following
properties:

i. Supp (B;,B;) € [0,1],
ii. Supp (Bi, ;)= Supp (B;. )
iii. If| B;—B; |<| B. — B: | then Supp (B, B;) = Supp (Bs. B;)

Similarly, the power geometric (PG) operator [42] is defined by
1+T(fBi)

PGBy BB = [ BT, where T(B)= Y Supp(Bi, ).

i=1 j=1
j#i

3.2.5 The Choquet Integral

Definition 3.1: [33] A A-fuzzy measure m: P(X)—[0,1] where X ={x;,
X2,...X,} is a finite set of criteria satisfies the following properties:

i. m(@)=0,m(X)=1
ii. if Ac Bc X, thenm(A)<m(B)
iii. m(A U B)=m(A)+ m(B)+ Am(A)m(B),
Ae(-1,+0),VA,Be P(X)and ANB=¢

The condition (iii) reduces to the axiom of additive measure for 1 =0:
m(AUB)=m(A)+m(B),VA,Bc Xand AnB=4¢. (3.10)
If the elements in X are independent, then

m(A)= Y m({x}). (3.11)

xi€ A
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If A >0 then{A, B} has a multiplicative effect and if A <0 then has{ A, B} a
substitutive effect. The interaction between sets or elements of the set can
be represented by the parameter A

A normalized measure was introduced by Sugeno [33], which can be
defined as follows:

;(ﬁ[1+lm(xi)]—l], if 420,

m(X)= i (3.12)

Zm(x,-), ifA=0

;[H[1+lm(x,-)]—1], if 20,

m(A)= (3.13)

Zm(x,-), it A=0.

Together with Equation (3.12) and the condition m(X)=1, 4 can be
uniquely determined, which is equivalent to solving the Equation (3.14).

/I+1=Z(1+/1m(xi)). (3.14)

The CI [84] based on the fuzzy measure is given as follows:

If fis a positive real-valued function on X ={x,x,,...,x,}, and m is a
fuzzy measure on X. The discrete CI of f with respect to m, denoted by
Cou (f), is defined by the following equation:

Cm(f)=if(x@)(m(Bm)—m(B(f—l)))’ (3.15)
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here (.) indicates a permutation on X such that f(x4))2f(x)=...2
S (x(n)> with By ={x(1),x2)>-..»X(;)} fori =1 and By = ¢

The interval neutrosophlc numbers Choquet 1ntegral (INNCI) operator
[35] for an INN function f: X — L on X with respect to a fuzzy measure
m on X is given by the following equation:

,[ fdm ng (x<i>)(m(X(i>)—M(X@-fl))), (3.16)

where the notations are defined above.

3.3 SOME INTERVAL NEUTROSOPHIC
HAMACHER POWER CHOQUET
INTEGRAL OPERATORS

This section introduces some Hamacher operational rules on INNs and
proposes some new INHPCI operators for MCGDM in medical diagnosis
problems from the information obtained from the symptoms of diseases
under the interval neutrosophic environment.

3.3.1 Hamacher Operations on INNs
Based on Hamacher operational rules on SVNNs [85], and IVIFNs [86],

some Hamacher operational rules on the INNs are discussed here.

Definition 3.2: If & and 3 are INNGs, then for ¥,k >0, the following rules
hold:

o Ti +Ty ~TaTy —(1-y)Ta Ty To +T5 =TTy —(1-7) 2T
1 =
o 1-(1-7)T4 T} ’ 1-(1-7)13'1) ’

| 1L 1715
yr(i-y) e+ 1s-1208) y (1) (1€ + 15 - 1918 |

| EyFf FJEY
_y+(1—y)(FD~,L+FI;L—F5,LFI;L)’y+(1—7/)(FD~E]+F5U—E§’F5U) '
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- T+ Ts Ty 1§
ii. a®, f= *h , - )
y+(1=y )T+ T =TETE )y + (=718 + 17 - TETY )

[ 1L + I-IgI—(1-y) 515 I +I5 —Tg15 —(1-y)Ig I}
1-(1-y)I51; ’ 1-(1-y) 1513

[ Ef+F—FfFf —(1-y)FE} E+F -F/F —(1-y)E F/
1-(1-y)F: Fy ' 1-(1-y)E'Fj '

. kd:ﬂ (=11 ) (-7t} (1+(r-y1) -(1-17) ]
( :

1+ (r-)T) +(r-1)(1-12) (1 ()1 ) + (r-1)(1-10)

(1) (1) }

(1+(y—1)(1—1§))k Hy-1)(1d) (1+(y—1)(1—1§{))k +(y-1) (1Y)

y(E) y(E) “

(1+(y—1)(1—F0-£))k+(y—1)(Fo-f ) (1+(y—1)(1—F,;U))k+(}/—1)(Fo-l/ )

iv. & =

() (-1 (1+(y-1)18) - (1-1) }
(1+(r-1)1) +(r-1)(1-18)" 1+ (r-0)1) +(y-1)(-1) |

(1+(y-1E) +(y-1)(1-F)" (1+(y-1)E) +(y-1)(1-B)
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Based on the additive generators [82] the Hamacher operational rules of
INNs in Definition 3.2 can also be expressed as follows:

i O}@Hﬁ={:g‘l(g(Taf)+g(T,§)),g_l(g(Ta§])+g(T5U))},

(e (8) 5 (0205

1 (stee) st o (st ot T}

i O}@Hﬁ={:f‘l(f(Taf)+f(T,3L)),f_1(f(Ta§])+f(T[;U))},

iii. kd={— -

iv. a* ={

7 (kp (1)), 7 (ke (1))
[ (kg(12)). ¢ (ke 12)]
o (ke(R)). & (ke (5) ]}

3.3.2 The INHPCI and INHPGCI Operators

This subsection proposes the INHPCI and the INHPGCI and discusses
their properties.
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Definition 3.3: If m is a fuzzy measure on a finite set X and
Bj:{[T[;L]_,Tﬁlf],[lgj,I[%],[Féj,Fﬁlj]}(jzl,Z,...,n) are INNs on X, then the
INHPCI can be defined as follows:

"Qz
=

@"H B |—-m|B 1+V .
INHPCI(B,. Bss.... B ) =~ )l )))( Vi) (3.17)

where (-) indicates a permutation on{1,2,3,...,n} with B(l) - B(z) S B(n)
and B, ={(1),(2),... ,(])}, with the convention B, = ¢, and @, denotes
the Hamacher sum of INNs given by (i) in Definition 3.2

It is worthy to mention here that V(ﬂ )=} l(m(B ) m(B ))

Supp(B [3 )), where Supp(ﬂ [3 )) denotes the support of ﬂ from
[3( and havmg the following mentloned properties:

i. Supp (B, B;)) 0,11,
ii. Supp (B> B;) = Supp (B By)

iii. S“PP(ﬁ: B )>SuPP(ﬂ ﬁr )lfd(ﬁ(i))ﬂ(j))<d(B(s)>ﬂ(t))

where d denotes the Hamming distance [87] of INNS.

Theorem 3.1: If B ={[T} , T3 LI} ,If LIFS ,F§ 1} (j=1,2,...,n) are INNs
on a finite set X, then for a fuzzy measure m on X, the INHPCI can be
expressed as

INHPCI(B,, B, B, )=1| g7 T

-
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INHPGCI( B, ...

i(’”(%)—M(B<f—1>))(1+"(ﬁ<j>))f (15]-)

J=1

(3.18)

Equation (3.18) expresses the INHPCI operator in terms of the additive gen-
erators [82], f and g of Hamacher t-norm and t-conorm [83](see Table 3.1).

Theorem 3.2: IfBJ ={[TBL]_,Tg],[lﬁj,I[%],[FBLJ_,Féj]}(jzl,Z,...,n) are INNs
on a finite set X, then for a fuzzy measure m on X, the aggregated result
obtained by using the INHPCI operator is also an INN.

Definition 3.4: If §; = {[T} ,T; 11T} ,I§ LIE ,F§ 1} (j=1,2,...,n) are INNs
on a finite set X, then for a fuzzy measure m on X, the interval neutro-
sophic Hamacher power geometric Choquet integral operator INHPGCI)
is given as follows:

(m (8- (85)) (17 (A1)

o Sl ol rev(a)
)ﬁn)=®H ﬂ(j)jzl () (j-1) (j) ) (3.19)

=1
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where ®jy denotes the Hamacher product of INNs given by (ii) in
Definition 3.2 and the other notations are the same as with Definition 3.3

Theorem 3.3: IfBJ ={[TﬁLj,Tg],[lé‘j,I[%],[FBLJ,Fﬁlj]}(jzl,Z,...,n) are INNs
on a finite set X, then fuzzy measure m on X, the INHPGCI can be
expressed as

INHPGCI(B,. o B ) =4 f7| 2
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Equation (3.20) expresses the INHPGCI operator in terms of the additive
generators [82], f and g of Hamacher t-norm and t-conorm [83].

Theorem 3.4: Ifﬁ]—{ TL TU [Ié}_,[g] FL FU 1}(j=L2,...,n) are INNs
on a finite set X, then for afuzzy measure on X the accumulated result
obtained by using the INHPGCI operator is also an INN.

Corollary 3.1: If y=1, then the proposed INHPCI operator, given
Equations (3.17) and (3.19), converts to the interval neutrosophic power
Choquet integral (INPCI), given by

® (m(B))-m(B,y))(1+V (i) B,
INPCI(BI,BZ,...,Bn)zj“S (Bin)—m(Bion))(1+V (Bi)) By -

Z(M(Bu))—m(B( 0))(1+V(Bi))

J=1

Corollary 3.2: If y=2, then the proposed INHPCI operator, given by
Equations (3.17) and (3.19), converts to the interval neutrosophic Einstein
Power Choquet integral operator (INEPCI), given by

INEPCI(BI »Bz»- ‘ -»Bn ) _ ?:fn(m(B(f) ) B m(B((H)) ))(1 + V(ﬂ ))ﬁ 62

Z(’“(Bm)‘m(B«f—l»))(”V( )

i1

where @ denotes the Einstein sum of INNs

Corollary 3.3: If y=1, then the proposed INHPGCI operator, given by
Equations (3.20) and (3.22), reduces to the interval neutrosophic power
geometric Choquet integral operator (INPGCI) is given by

(B3 )-m{ 3504V

e Sl e(me)eve)
INPGCI( B, BB )= ®s By (3.23)

j=1

Corollary 3.4: If y=2, then the proposed INHPGCI operator, given by
Equations (3.17) and (3.19), reduces to the INEPCI, given as

(B0} s (1B

e i('“(B') ( ) (+v(8)
INEPGCI(B,, Bs>....,) = ® B (3.24)

j=1
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Remark 3.1 From Corollaries 3.1 and 3.3, it is clear that INHPCI and
INHPGCI can be restricted to generate some new Choquet operators such
as the INPCI and the INPGCI operators based on the algebraic operations.
Remark 3.2 Corollaries 3.2 and 3.4 show that INHPCI and INHPGCI can
be restricted to generate some novel Einstein Choquet operators such as
the INEPCI and the INEPGCI operators based on the Einstein operations.

3.3.3 Properties of INHPCI and INHPGCI Operators

This section briefly discusses some of the properties of the INHPCI and
INHPGCI operators.

TR ={TE TUTITE TYUTIEE BV (=
Theorem3.5.1fﬁj—{[Tﬁj,Tﬁj],[Iﬁj,Iﬁj],[fﬂj,12,1,]}(]—1,2,...,11)areINNson
a finite set X and If all B; are equal, i.e., B, = B(1=1,2,...,n, then

INHPCI(ﬁl,ﬁz,...,Bn)=B (3.25)
INHPGCI(BI, Bor.. Bn) =j (3.26)

Theorem 3.6: IfBJ ={[TBL]_,Tg],[lé‘j,I[%],[FBLJ_,Féj]}(jzl,Z,...,n) are INNs
on a finite set X andﬁ} ={[T[§L;,TBL}I],[II§; ,Ig;],[FﬁL;,F[;}]]} (I=1,2,...,n)is a per-
mutation of B, then

INHPCI(Bl,BZ,...,,3,,)zINHPCI(B;,B;,...,ﬁ;) (3.27)
INHPGCI(BI,Bz,...,Bn)=INHPGCI([31,B;,...,B;) (3.28)
Theorem 3.7: If two collections & ={[Ty, Ty 1,15, 15 .IE, By 1} (1=1,2,...,n)

and b, ={[T;;,L,T,;E]],[I,;Ll,Ilgl]],[FglL,Fgll]]}(l=1,2,...,n) of INNs on a finite set X
are comonotonic with

Ty STy, Ty <T), Ii 217, Iy 21}, Fy 2 Fy, Fy) 2 F
for alll, then
INHPCI (@, @, ..., 3,) < INHPCI (b1, by, ..., b, (3.29)

INHPGCI (@1, @, ..., 3,) < INHPGCI(by, by, ..., b,)  (3.30)



Decision-Making Model for Medical Diagnosis « 63

Theorem 3.8: If B ={[T}, T3 111} .15 LIFs . 5 1} (1=1,2,...,n) are INNs on
a finite set X, then

B~ <INHPCI(B,, B, ... B.) < B* (3.31)

B < NHPGCI(,BI, B, --->Bn)S Bt (3.32)

where

B = {[min(TBL] ), min(Tg )],[max(lgl ), max(I )],[max(FBLl ), max(Fj/ )J}
f= {[max(TﬁLl),max(Tﬁ‘j)],[min(Igl ),min(I§ )],[min(Fg),min(Fﬁ?)]}-

3.4 A DECISION-MAKING MODEL FOR
MEDICAL DIAGNOSIS WITH THE INHPCI
AND INHPGCI OPERATORS

This section introduces a novel MCGDM model for the medical diagnosis
of diseases using the INHPCI and the INHPGCI operators. We assume
that assessment data of the alternatives are given by INNs and there exists
an interrelationship among the attributes.

Assume that X ={x,,x,,...,x, | be a collection of patients suffering
from various diseases and let C= {Cl ,Cos.. .,Cn} be a collection of symp-
toms for the selection of patients who must need an immediate diagno-
sis. The diagnosis report of each patient x; (i=1,2,...,m) corresponding
to symptoms C; (j=1,2,...,n) is expressed by the INN decision matrix

_[ﬁy > where each ﬁv (i=1,2,...,m;j=1,2,...,n) is an INN and is
given by

B, <[TL 15 (15015 1 B Fe J> (i=1,2,...,m; j=1,2,...,n).

The selection procedure of patients who required immediate attention
includes the following steps:

Step 1 Compute the score value S( ﬁ,]) of each INN using Equation (3.1)
to reorder ﬁ,] (i=1,2,...,m) as B; a > ﬂl(z) = ﬂ,(n)
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Step 2 Evaluate the supports,
Supp(ﬁlj ’ﬁik) =1—d(ﬂ~ij)[§ik))(i:1)2)- ")m;j)kzlaz)---)n;j * k), (3.33)

where d( B,-- , B,-k) denotes the normalized Hamming distance [87]
between any two INNs.
Step 3 Determine the weights associated with the INNs f3; (j =1,2,...,n)

w, = E’”(B<f>)‘m(3<f—l>))(”V((B(v))) 630
;(’”(B<f>)—m(Bu—n))(”V(ﬁw)))

V(Bin)= D, (m(Bey)-m(Bioy))Supp (BB ) (k=1.2,..m)  (3.35)
k=1
k#j

with w;; >0and X7, w; =1, (i=1,2,...,m).

Step 4 Recognize the fuzzy measure for each of the symptoms
C; (j=L.2,...,n) and using Equation (3.13), the fuzzy measure m(A)
ofall A € X can be determined, where the parameter A can be deter-
mined by using Equation (3.14).

Step 5 Apply the Equation (3.18) of INHPCI or the Equation (3.20) of
INHPGCI for evaluation Bi of each alternative x; (i=1,2,...,m). 5

Step 6 Determine the score and the accuracy values S(¢;), A(f3;)
(i=1,2,...,m) of the aggregated evaluation values B,.(i =12,...,m)
corresponding to each attribute x;(i =1,2,...,m) and select the utmost
serious patient.

Step 7 End.

3.5 EXPLANATORY EXAMPLE

Here, an illustrative example is presented as a demonstration of the pro-
jected MCGDM model for medical diagnosis under the interval neutro-
sophic environment.
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Assume that a medical team of the local hospital performs a diagnosis
on four patients X ={x;,x,,x3,x, } based on the following symptoms:

1. C;: Body temperature
2. Cy: Dry cough

3. C;: Headache

4. C;: Body pain.

To detect the patient with the most severe health conditions who need
immediate treatment based on the diagnosis report.

Assume that the four patients x;(i=1,2,3,4) which need to be diag-
nosed for symptoms C;(j=1,2,3,4) and are expressed as interval neu-
trosophic decision matrix D= [0 ]4xs as shown in Table 3.2, where each
o; (i=1,2,3,4;j=1,2,3) is an INN and represents the diagnosis report
of the ith patient x;(i=1,2,3,4) under the jth symptom C;(j=1,2,3,4).
The assessment of the ith patient x; (i=1,2,3,4) under the jth symptom
C; (j=1,2,3,4) has been attained according to the doctors’ report. The
interval neutrosophic decision matrix is generated as revealed in Table 3.2.

Step 1 Recognizing the fuzzy measure m(C;) for each symptom
C;(j=1,2,...,n), that measures the degree of importance of each
symptom C; (j=1,2,...,n). Assuming that according to the doctors’
estimation, the fuzzy measure of each symptom is given by

m({Ci})=0.26, m({C,})=0.21, m({C;})=0.17, and m({C, })=0.23.

TABLE 3.2
The INN Decision Matrix D = [&ij]4><4
Cl Cz C3 C4
X, {[0.4,0.5],[0.3,0.4], ([0.4,0.6],[0.3,0.5], ([0.3,0.5],[0.3,0.4], {[0.3,0.4],[0.2,0.3],
[0.5,0.6]) [0.4,0.5]) [0.6,0.7]) [0.5,0.6])
Xy (06,0.71,[0.2,04],  ([0.6,0.8],[0.3,0.6],  (0.5,0.6],[0.2,0.3,  {[0.4,0.5],[0.1,0.2],
[0.4, 0.6]) [0.4,0.5]) [0.4,0.5]) [0.3,0.4])
Xy (04,0.51,00.3,04],  (0.5,0.6],[02,0.3],  (0.4,0.7],[0.3,04],  ([0.5,0.8],[0.3,0.4],
[0.3,0.5]) [0.3,0.4]) [0.2,0.3]) [0.1,0.3])
X, {[0.7,0.8],[0.2,0.4], ([0.5,0.7],[0.3,0.5], ([0.5,0.8],[0.4, 0.6], {[0.4,0.7],[0.4,0.5],

[0.1,0.3])

[0.2,0.4])

[0.5,0.7])

(0.1,0.3])
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From Equation (3.14), we obtain the value of A=0.43 and using
Equation (3.13), we have

m({C,.C.})=04934,  m({C/.C:})=04490,  m({C\C,})=05157,

m({C,.C;})=03954,  m({C,,C.})=04608,  m({C,,C,})=04168

( (
( (

m({C.,C,,C; })=06996, m({C,,C,,C, })=07723, m({C,,Cs,Cy})=07234
( m(

m({C,,C5,C, })=0.6645 m({C,,C,,C;,Cy })=1.

Step 2 'The score values §(;)(i=1,2,3,4;j=1,2,3,4) of each
d,j(i =1,2,3,4;j=1,2,3,4) are calculated using Equation (3.1) and
reordered as revealed in Table 3.3 (Figure 3.1).

Since the score values of dl(j)( 7=1,2,3,4) of the first patient, x,
are S(&l(l)) = 0.1000,8(&1(2)) = 0.1250,5(5(1(3)) =0.0250, and S(dl(4)) =
0.1500. Since S(Cty4))>S(y(5)) > S(Gyr)) > S(Gy3)), therefore for the
first patient, x; the partlal evaluatlons ay(;) (j=1,2,3,4) are reordered
as 061(4) > 061(2) - al(l) - 061(3).

Then, the fuzzy measure for each of the symptom C; (j=1,2,3,4)
for the first patient x, is given as

m(Ag)=m({Cin}) =023, m(A))=m({Co G }) = 04608,
m(A1(3)) = m({C(4) >C(2)aC(1) }) =0.7723, m(A1(4)) = m({C(4),C(2),C(1),C(3) }) =1.
Correspondingly, the ranking order of the partial estimations &; (i =2,

3,4; j=1,2,3,4) and fuzzy measures of the patients A; (i=2,3,4) based
on the symptom C; (j=1,2,3,4) are shown in Table 3.4.

TABLE 3.3
The Score Values of &; Corresponding to the Decision Matrix D
C, C, C, C,
X, 0.1000 0.1250 0.0250 0.1500
X, 0.2750 0.1750 0.3000 0.4000
Xy 0.1750 0.3500 0.3000 0.3750

X4 0.4750 0.2500 0.0250 0.2250
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FIGURE 3.1
Score values of ¢; corresponding to the decision matrix D.

TABLE 3.4
Reordering of the Partial Evaluations
Reordering of the

Alternatives  Partial Evaluations Fuzzy Measures

*2 Ogfay > Gy = Ol = Do) m(Agy)=m({ciy})=023,
m(Ayy)= m({%’%}) =0.4168,
m(Ayy)= m({c(4),c<3),c(l)}) =0.7234,
m(Axy)= m({c(4),c(3),c<l),c(2)}) =1

X By > Gy = Oy = Gy m(Agy)= m({c(4)}) =023,
m(Aye)=m({Cy,Cy })= 04608,
m(Asy)=m({Cys G Cio ) = 0.6645,
m(As<4))=m({C< ),c(z),c(3),c(1)}):1

x4 Gy > Gy > Ga) > Gy m(Ag)= m({C(l)}) =0.26,
m(Ay)= m({%»%}) =04934,
m(Ay)= m({c(l)’cm’%}) =07723,
m(Auy)= m({Cu»C(z»C(A)’C(s)}) =1
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TABLE 3.5
Associated Weights of Decision Matrix D

C, G, G, C,
X, 0.2817 0.3521 0.1549 0.2113
X,: 0.1788 0.4632 0.1508 0.2072
X, 0.1914 0.4037 0.1866 0.2183
X4 0.0817 0.3152 0.3259 0.2772

Step 3 Associated weights w;; (i=1,2,...,m;j=1,2,...,n) are computed
using Equations (3.34) and (3.35). The computed weights are dis-
played in Table 3.5.

Step 4 Now for different values of 7, utilizing the Equation (3.19) of
INHPCI operator, the overall evaluation results ;(i=1,2,3,4) of
each patient x; (i=1,2,3,4) are calculated as shown in Table 3.6
(Figures 3.2 and 3.3).

Step 5 From Table 3.6, it is clear that although the overall assessments
ofo?j (j=1,2,3,4) corresponding to each patient x; (i=1,2,3,4) is dif-
ferent, the optimal ranking value is &,. Hence, x, is the most serious
patient who needs immediate treatment.

TABLE 3.6

Overall Evaluation and Ranking Orders of INNs ¢; for Different y

(03]

(073

o3

0y

Ranking
Orders

0.1

0.5

1.0

1.5

2.0

{(0.3598, 0.5081],
[0.2716, 0.3899)],
[0.4917, 0.5930])
{(0.3589, 0.5059],
[0.2737, 0.3928],
[0.4939, 0.5947])
((0.3582, 0.5045],
[0.2745, 0.3944],
[0.4954, 0.5961])
((0.3577, 0.5036],
[0.2748, 0.3952],
[0.4962, 0.5970])
((0.3573, 0.5030],
[0.2750, 0.3958],
[0.4968, 0.5977])

((0.5474, 0.6951],
[0.1818, 0.3402],
[0.3722, 0.4978])
([0.5443, 0.6862],
[0.1885, 0.3541],
[0.3737, 0.5005])
([0.5422, 0.6817],
[0.1908, 0.3616],
[0.3744, 0.5023])
([0.5409, 0.6795],
[0.1917, 0.3656],
[0.3748, 0.5034])
([0.5401, 0.6781],
[0.1922, 0.3682],
[0.3750, 0.5041])

((0.4502, 0.6693],
[0.2703, 0.3721],
[0.2009, 0.3733])
((0.4492, 0.6586],
[0.2724, 0.3736],
[0.2111, 0.3779])
([0.4483, 0.6534],
[0.2732, 0.3743)],
[0.2145, 0.3805])
([0.4478, 0.6507],
[0.2736, 0.3747],
[0.2160, 0.3819])
((0.4475, 0.6490],
[0.2738, 0.3749],
[0.2168, 0.3828])

((0.5526, 0.7573],
[0.3028, 0.4878],
[0.1421, 0.3732])
((0.5443, 0.7548],
[0.3094, 0.4902],
[0.1487, 0.3826])
((0.5393,0.7538],
[0.3123, 0.4918],
[0.1510, 0.3891])
([0.5366, 0.7534],
[0.3138, 0.4928],
[0.1519, 0.3931])
(10.5349, 0.7531],
[0.3146, 0.4934],
[0.1525, 0.3959])

O =03 > Oy > 04

O >0 = 0y > Oy

O >0 = 0y > O

Oy =0y = 0y > Oy

Oy = Oy = 0y = Oy
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Overall ranking of the four patients based on the INHPCI operator.
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Overall scores of &; (j=1,2,3,4),
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3.6 CONCLUSION

This chapter proposes INHPCI and the INHPGCl operators asan MCGDM
aid for medical diagnosis under the INS environment and discusses their
important characteristics. Further, an MCGDM model is developed to
obtain the most serious patient by utilizing the proposed operators devel-
oped. Finally, an example illustrates the proposed model. For future stud-
ies, the proposed operators could be used as a tool for studying several
specific health-related issues, X-ray imaging-based diagnosis, selection of
medical equipment, population growth, pollution control, hazard control,
etc. Also, the present study could be extended to other fields of knowledge
and manufacturing such as the Optimization Theory, Decision Theory, and
Artificial Intelligence.

In our opinion, the proposed algorithm would be an effective tool to
identity serious patients using big data analytics during pandemic-like sit-
uations, where the number of healthcare workers is very less compared to
the patients so that the most serious patient gets early attention. In doing
so, we can minimize the causalities during the pandemic.
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4.1 THE MOTIVATION FOR THE STUDY

Marketers have used a variety of methods to understand what customer
motivation is related to their products and services. There traditional meth-
ods like focus groups, online surveys, etc., were used to find out how cus-
tomers behaved. Nevertheless, the question for me is whether the above
methods are enough to find the motivations of each individual among the
millions of customers. Therefore, in this world of “big data” that triggers
insights, marketers need to work on everything they know about their cus-
tomers to maximise their business revenues, optimise sales, increase cus-
tomer loyalty, and finally to achieve higher customer satisfaction for their
products and services. This is consumer analytics, is also referred to by some
experts as scientific marketing due to its advanced scientific nature, and is
a new subject in the business world. This has led me to present a combina-
tion of big data analytics in general and consumer analytics specifically with
behavioural marketing practices to make it easier for the scholars interested
in understanding how to improve both customers’ buying motivations and
business decisions through the solutions of scientific marketing. Though the
motivation of the study was to increase our basic understanding of con-
sumer analytics, in the long run, this could also contribute to the creation
and development of extensions in consumer analytics.

4.2 INTRODUCTION

Corporate data in the form of structured data like traditional databases
(e.g., CRM) or nonstructured data is now increasingly being driven by new
communication technologies (Lansley & Longley, 2016). Social networks
such as Facebook, Instagram, TikTok, and Twitter have had a massive influ-
ence on consumer decisiveness for business, brand promotion, and then
profit maximisation. Thus, Big data is getting bigger and bigger every day
and businesses’ attention to big data is also getting improved frequently.
The significance of big data does not always turn around the size of data-
set that you have, but it does revolve around what you do with the data.
You can analyse data and use them for 1) cost reduction, 2) time reduction,
3) new product development and optimal offers, 4) better decision making
and 5) good governance. Customer-related big data plays a significant
function in marketing. Thus, we need to understand what 3Vs are in big
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data. So let’s find out what they are. Understanding the 3V of their big data
management is essential for businesses to be better equipped to deal with
customers. Laney (2001) introduced Vs 3 in big data management: accord-
ing to him, Vs 3 is volume, variety, and velocity. Recently, two more Vs were
added to the big data equation - i.e., variability and value. Gartner’s defini-
tion of big data in 2012 summarises these five dimensions as “high-volume,
high-velocity and/or high-variety information assets that demand cost-
effective, innovative forms of information processing that enable enhanced
insight, decision making, and process automation” (Fan & Bifet, 2013).
Many scientists have created different methodologies to capture, pro-
cess, analyse, and finally visualise a vast array of big data with a sport
processing time (Khanna et al., 2016). Various disciplines are used to cre-
ate these novel methodologies such as mathematics, statistics, optimisa-
tion techniques, signal processing, machine learning, data visualisation,
data mining, and social network analysis (Malhotra et al., 2017; Chen
& Zhang, 2014). Every platform of every big data has precise operabil-
ity, associated with it and a specific focus on it. For example, some big
data platforms are designed for group settings such as Apache Hadoop or
Pentaho Business Analytics, while the rest are on real-time analytics such
as Apache Kafka or Storm (Chen & Zhang, 2014). Logical layers offer a line
of attack to organise components when considering the architecture of big
data systems. However, from a business perspective, a big data system is
important to us only when it is designed to gain the necessary and impor-
tant skills to sustain business decisions. Predictive analytics applications
could be sourced for big data loads, including advanced data loading and
advanced machine learning solutions (Hazen et al., 2014). In marketing
analytics, decisions are made based on big data, used particularly for sell-
ing and promotion goals. It enables marketers to have a strong marketing
understanding holistically and technology to solve real marketing prob-
lems and maximise the profit margins (Gririgsby, 2015) while retaining
customers with the business in the long run (Rajaiah et al., 2020).

4.3 CONSUMERS AND DATA ANALYTICS

Prediction of changing consumer behaviour is one of the biggest chal-
lenges facing marketers around the world. But today, as a result of tech-
nological advancements, forecasting has become an important element
that always comes up with new products, consumer, and market needs. As
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today’s consumers have a wide range of buying options, buying behaviour
of customers is constantly changing with the advent of e-commerce and
m-commerce, due to many logistical and competitive advantages over tra-
ditional marketing mechanisms. However, customers are often left with
more choices because they find it usually difficult to decide what the best
option is. The wide array of choices has complicated the lives of customers
as well as the business decisions of marketers. Therefore, smart market-
ers now use data analytics to better understand their customer behaviour
because marketing is a complex process involving various aspects of the
business and its customers, and understanding customer behaviour has
become an essential component of strategic marketing. Today, the seller is
always behind buyers. This is not to chase after buyers and sell the goods
but to market the goods and services that sellers are constantly following
customers through the use of electronic technologies. Placing the product
on the buyer does not make a sale. To convert customer’s interest to buying
intention and retain customers with the business, marketers have to strug-
gle more in the digital movement. This is because different businesses offer
different options and customers can easily find out what those options
are through the Internet and various digital strategies. Thus, it is difficult
for customers to evaluate each option as there is a high range of options
available and sometimes they can even make a purchase decision based
on insignificant factors due to its complexity. Using smart and intuitive
data analytic tools, it is comfortable to find the digital footprints of poten-
tial buyers. Infrastructure has improved the ability to collect extensive
data in the business, which includes consumers’ buying data, consumer
characteristics, consumer preferences, consumers’ sensitivity to price and
quality of products, consumer satisfaction, delivery channels, etc. Almost
every aspect of a business is open for data collection, operations, products
from the supply chain management, and customer behaviour. With the
advancement of computer technology, algorithms have been developed
and adapted to enable these databases for more comprehensive and in-
depth analyses. This large amount of data has led to a growing interest
in how to obtain useful information and knowledge from datasets (Kaur
& Alam, 2013; Malhotra et al., 2018; Kumar et al., 2018). This leads to the
use of data for competitive advantage (Surendro, 2019). Today, cloud com-
puting and combined cloud computing conjoin big data from different
technologies that are used for different analytics (Khan et al., 2018; Alam,
2012; Alam & Shakil, 2015; Sethi et al., 2015; Alam et al., 2016). Table 4.1
indicates the potential areas of customer analytics for marketing use.
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TABLE 4.1

Potential Areas of Customer Analytics Use

Marketing Capability  Definition Analytics Use

Analytics can be used to
optimise pricing by
predicting the elasticity
of demand and
willingness to pay on a
customer basis
(Rygielski et al., 2002).

Provide effective targeted
product development
capabilities, predict
features of the product
that would meet
customer demand

Pricing An ability to adjust prices quickly
as a response to changes in a
market. This capability includes
pricing skills, knowledge of
competitors’ pricing tactics, and
also knowledge of the current
level of competitor’s pricing.

Product development An ability to develop new
products and services, to
conduct marketing tests of new
products, to launch successful
new products, and to ensure that

they are matching customer

needs. (Rygielski et al., 2002).
Channel An ability to ensure a strong Analytics help to identify
relationship with customers, to what product is better to

attract and retain the best
customers, to provide a high
level of service support to the

sell through which
channel and predict
customer lifetime value

customer and end user, to work (CLV) (Rygielski et al.,
closely with customers, and to 2002).
create value for a customer.

Source:  Bazylevska (2011).

4.4 BUSINESS INTELLIGENCE AND
PREDICTIVE ANALYTICS

The use of business intelligence (BI) to solve problems is now widely
accepted. This is in contrast to traditional behavioural patterns analy-
sis. The translation of transaction data into behavioural data for further
analysis facilitates clear and quantitative behavioural interventions, pat-
terns, and early effects of behaviour (Cao, 2010; Melnik et al., 2020). This
behavioural structure is based on domain knowledge, intelligence, logic,
and the conversion of data found by existing data management systems
into behavioural information. Accordingly, knowledge of behavioural
data analytics is required to discover behavioural intelligence, thereby
further developing an understanding of behavioural patterns in the physi-
cal world. For example, IBM Center for Big Data Analytics asks a series of
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questions: Do you produce personalised offers targeted to your customers?
Do you know your customers and provide them with real-time, relevant,
and ideal products or services grounded on data-based intelligence?

You can build and promote better relationships with your customers,
extract information about their behaviour, needs, and preferences, and
analyse customer responses and their ratings on a particular product or
service. Then, you can find out what they need, what they want, and what
they can buy. This information is very important to serve them when they
have an intention to buy a product or service. BI helps to achieve business
objectives by focusing on continuous operations, and business analytics
changes the way that a business operates its tradings. However, the ulti-
mate goal of both seems to be the same. Businesses can provide the prod-
uct or service that best suits their needs before being expressed the need.
Almost savvy providers understand that there is a gap in big data search.
They know how important it is to guide customers wisely to know who
they are and their priorities to achieve. This is known as financial DNA
discovery in data analytics, and this process of self-discovery enables a
strong, valid, and structured approach to discover all aspects of a cus-
tomer’s financial personality. Further, financial DNA is an exclusive solu-
tion to unearth all the magnitudes of a customer’s fiscal personality to
make financial decisions using more comprehensive behavioural financial
analytics. For example, the stock market manages highly relevant data,
especially on prices, volumes, values, and indicators. This data is usually
analysed. Then, we can find out the financial personality of some investors
in the stock market. This financial personality is a behaviour of a person in
terms of investments. These behavioural implications show us that trans-
actional data supports behavioural analysis. Take mobile transactions
as an example. Behavioural analysts analyse how consumer behaviour
occurs through traditional consumer behavioural data with BI, which
helps us determine future consumer behaviour. For instance, network
transmissions such as frequency and duration, incoming calls, payment
work for bills, nonpayment disconnections period data, time spent to
make the payment after disconnection, etc., can be used for behavioural
modelling of telecom customers.

Further, imagine what it would be like if you knew what your customers
wanted when they entered your store. What do you do if the item the cus-
tomer is looking for is not in the stock? Therefore, your potential custom-
ers may be disturbed and lost. It’s easier if you already know what he/she
wants and when your customer wants something which is out of stock?
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For that, it is important to analyse the behaviour of customers. Thus, by
examining the analytics, it can gain insight into:

« Customer database to identify customer behaviour.

o Attract and connect potential customers: target customers with rel-
evant offers by analysing past purchases and profiles.

 Improving customer retention: it enables businesses to use an active
retention approach to evaluate customer value and retain customers.

Again, according to big data, forecast analytics can indicate to which cus-
tomers can be targeted for cross-selling. For example, if a man buys a shirt
for $4000, a BMW car would be a better target for him. Cross-marketing
and internal product promotion are branches of successful predictive
analytic efforts. This is a direct example of predictive analytics. With
the advent of big data and the Internet, forecasting has undergone more
modern changes. Advanced computer algorithms have made the science
of forecasting more accurate and far-reaching than ever before using big
data. The difference between BI and data analytics cannot be drawn line
by line. However, if we talk about the difference between the two, we can
divide the analytics into three parts: descriptive, predictive, and prescrip-
tive. Descriptive analytics takes data and makes it something that business
managers can visualise, understand, and interpret. It provides insight into
the historical performance and describes what has happened. Predictive
analytics provides an insight into future outcomes. Predictive analytics
provides advice on actions to take. In simple term, descriptive analytics
will give you an answer to “what happened in the past” and predictive
analytics will give you the answer to the question of “what may happen in
the future”. Prescriptive analytics requires knowledge of advanced model-
ling techniques and many analytical algorithms. In particular, prescriptive
analytics helps prevent fraud, limit risk, increase efficiency, achieve busi-
ness goals, and create customers that are more loyal. For instance, prescrip-
tive analytics can be used by hospitals to improve patient recovery. It is
placed in the context of healthcare data to assess the cost effectiveness of
various procedures and treatments and to evaluate clinical procedures. It
can also be used to analyse hospitalised patients at increased risk of reentry
so that health care providers can do more through patient education and
medical follow-up to avoid frequent hospitalisation. Big data strategist Van
Rijmenam (2019) says that if we see descriptive analytics as the basis of BI
and predictive and prescriptive analytics as to the basis of big data today.
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I
4.5 PREDICTIVE ANALYTICS

Customer analytics is an amazing part of marketing science. With regard
to continuous, personal/household (consumer level) behavioural data
analysis, it provides insights that are particularly useful in identifying
and addressing business issues. Data can be obtained online or offline
from customer transactions or interactions, or management sources such
as customer panels or loyalty panels. These structured data sources are
best suited to identify purchasing behaviours in products and services.
Analytical parameters-based analytics, group purchasing, asset analysis
and behavioural brand loyalty, overlap analysis, crate analysis, profit loss,
and new product sales forecasting have the ability to perform over a wide
range recurring purchasing standards particularly.

Predictive analytics is not a new subject. This endeavour has been in the
businesses for a long time and has been used very successfully in forecast-
ing analysis of organisations ranging from small businesses to large-scale
companies. However, the benefits and potential of forecasting analysis are
valued because of the big data phenomenon (Ogunleye, 2013). When it
comes to the use of predictive analytics, many organisations use it not
only to forecast their strategically important corporate judgements but
also to inform relevant stakeholders about the current and future trends in
the business and to predict future outcomes or events with high accuracy.
Defining predictive analytics refers to the use of skills, specificities, and
software potentials to excerpt, analyse, and translate data in a clear and
consumable manner for organisational planning or a decision-making
process. In general, forecasting analytics or predictive analytics are widely
used for the prediction of business trends, improvement of employee per-
formance, and usually for making data-driven predictions in the decision-
making process in marketing (OPCC, 2012).

Predictive analytics conjoins humanoid skills with data and tools such as
machine learning and applications of algorithms to identify data patterns
grounded on historical or present data that will predict future probabili-
ties. To make predictions, the analytics uses data mining methods (Shakil
et al., 2015), grouping taxonomies, and progression statistics to identify
the patterns, and then the predictions are made based upon the identified
pattern. However, that is not all. To be the best vendor, shopping is still
in the basket left because buyers value the best or most ubiquitous option
that suits them best their needs, their economy, and their preferences. In
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Increase customer wallet share _ 63.3%

Higher margin 60%
Increasecomp store sales 60%
Reduce wasted makrketing dollars 60%

Increase market share 56.7%
More accurate forecasts
Reduce out of stocks

Lower inventory

Higher turnover

FIGURE 4.1
Hard benefits of up-to-date customer intelligence technology. (RIS News, Sept 2010.)

general, customers do not promote businesses but customers’ expecta-
tions should be identified by the business and their business should be
adapted accordingly. This is where predictive analytics is needed. This is
also known as consumer intelligence by some experts and its benefits are
reflected in Figure 4.1.

Retailers come up with many hard benefits that are directly related to
consumer intelligence technology. They see this as an approach to achieve
important business objectives and performance indicators. September
2010 RIS Retailer Survey reveals that 63.3% of people think that con-
sumer intelligence assists them to develop their businesses by increasing
customer wallet share. Sixty per cent says it contributes to better prof-
its, increase comp store trades, and diminution of tired marketing dol-
lars. RIS research stresses that 40% of retail winners use customer data to
improve the business as a top-3 opportunity for customer programmes,
compared with just 7% of laggards. Data-based organisations often use
the terms “business intelligence” and “data analytics” interchangeably. BI
uses historical data to describe what has happened. Some people distin-
guish between BI and data analytics to predict what will happen in the
future. Both BI and data analytics require a series of analyses in order to
make predictions.
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4.6 BEHAVIOURAL ANALYTICS

Behavioural informatics and analytics is a scientific field that deals with
symbolic and/or mapping techniques to symbolise or map consumer
behaviour, behavioural interactions and networks, behavioural patterns,
behavioural influences, behavioural groups, and collective intelligence
and behavioural intelligence. In more detail, the BA addresses the follow-
ing key points:

Behavioural Data: behavioural data processing involves the detection
of hidden or associated behavioural elements in transaction data,
turther converting and mapping behavioural-oriented elements into
behavioural feature space. In the behavioural element space, behav-
ioural elements are presented in sets of behavioural elements.

Behavioural Representation: Behavioural representation or behav-
ioural modelling is the construction of behavioural-specific
specifications to describe the relationship between behavioural
elements. Specifications rearrange behavioural elements to fit the
presentation and construction of the behavioural sequence. It also
provides an integrated mechanism for describing and presenting
behavioural models, behavioural elements, behavioural effects,
and patterns.

Behavioural Impact Analysis: The focus here is on examining behav-
ioural events that are associated with more impact on business
processes and/or business returns. What happens here is that behav-
ioural impact analysis models the behavioural impact.

Behaviour Pattern Analysis: There are generally two methods used
for behavioural analysis. One is to find behavioural patterns that
do not take into account behavioural effects and the other is to
analyse the relationship between behavioural sequences and spe-
cific influences.

The Emergence of Behavioural Intelligence: When inquiring about
behavioural influences and patterns, it is essential to look for behav-
ioural events, evolution and life cycles, the influence of specific behav-
ioural evolution, and the existence of specific behavioural rules and
patterns on intelligence. Here, behavioural rules play an important
role in modelling behavioural patterns by defining, demonstrating
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applying behavioural rules, protocols, and relationships and exam-
ining their impact on behavioural evolution and the emergence of
intelligence.

Behavioural Network: A behavioural network is a collection of sev-
eral behavioural sources. Specific human behaviour within such a
network is usually emphasised to influence the roles of the behav-
ioural network in a given situation. Behavioural network analysis is
the study of intrinsic mechanisms within a network. For example,
behavioural laws, interaction protocols, the convergence and diver-
gence of relevant behavioural elements, as well as network location
structures, relationships, and influences can affect the constructs of
behavioural networks.

Behavioural Simulation: Monitoring dynamics play an important role
in understanding all of the above mechanisms that can be present in
behavioural data, as well as the influence of rules/protocols/patterns
on monitoring dynamics, the emergence of behavioural intelligence,
and the building of a social behavioural network.

Behavioural Presentation: From an analytical and BI perspective, this
can be seen as the exploration of presentation media and tools that
can effectively explain the motivation and interest of stakeholders in
specific behavioural data. Visual analytic research on behavioural
patterns is currently receiving high attention from researchers. This
behavioural information and analysis involve the use of technologies
and tools to gain knowledge about behavioural and social behaviour
networks. This concept is also introduced by some experts as behav-
ioural computing.

4.7 WHY BEHAVIOUR ANALYTICS

Behaviour in both artificial societies and human societies, such as comput-
erised business support systems, emerges as a key component. Behaviour
involves dealing with many institutions and objects in the business, such
as corporate objects, behavioural subjects, causes, effects, and opportu-
nities. Besides, many behavioural situations involve a network of social
behaviours that include social and institutional factors and collective intel-
ligence. Therefore, behavioural-oriented analytics can provide insight into
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external information, external business objects, and their occurrences and
patterns, as well as causes and effects in particular.

In today’s management information systems, factors related to the above
behaviour are usually hidden in the transaction data. Transaction data are
usually object oriented, and they are linked through the internal keys of
an organisation, creating a client-institution space. In the spaces that exist
in such client entities, there are behavioural elements embedded in mul-
tiple transactions that are weak or lack direct relation. Thus, behaviour
affects the transaction data. It is not effective to search only for human
behaviour patterns internally by analysing transaction data. In order to
effectively and efficiently investigate genuine behaviour patterns, it is
important to extract behavioural elements from the transaction data and
to study how behavioural orientation and behavioural pattern analysis is
affected. Behavioural data presentation is different from normal transac-
tion data presentation. In order to understand and analyse behaviour and
its effects, it is important to map a space using the behavioural character-
istics and behavioural orientation elements contained in transaction data.
Analytical and practical analysis of behavioural patterns and effects can
also explain how behaviour changes and transits from the transactional
space to the behavioural space. To map from the transactional space to
the behavioural space, it is important to develop methods and tools for
behavioural representation, processing, and related engineering. That is,
the sciences behind this are behavioural information and analytical sci-
ences. Although we can generally use data processing for behavioural
elemental-oriented data, it is difficult to distinguish clear behavioural
patterns and the causes and effects that influence them. Here, we expect
direct behavioural data to meet the behavioural analysis smoothly. In
addition, new methods must be used for behaviour and influence patterns
and corresponding mechanisms. Within this need, we can understand
and investigate problems and their potential and appropriate solutions
from a modern perspective that goes far beyond traditional tools, with
the development of technologies for business behavioural information
analysis. For example, we can do this through mechanisms such as target
behaviour and behavioural networks as well as perspectives. Because of
the integration of behaviour and its subjects and objects, it is possible to
gain a broader understanding of behaviour and gain a better knowledge
of what the broad factors surrounding a business problem are and their
causes and effects. Examples include human demographics, human activi-
ties, as well as environmental and behavioural influences.
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4.8 GENERAL BUSINESS INTELLIGENCE
ANALYTICS (BIA) PROCESS

With the BIA components, we have presented above, we can show the gen-
eral functionality of the BIA algorithm as shown below. (I') Development
of behavioural pattern analysis through behavioural analysis (P (I')) and
effects (I (I')) through behavioural patterns ((I")), (Q2) development, pre-
sentation of behavioural patterns (V (I')), and translate decision-making
into business rules (R).

BIA:¥(DB)O(T)-—TQe,c,ti)—— PA,e,c,bi)-—>R  (4.1)

Following the principle of actionable knowledge discovery (Equation 4.1),
this process can be further decomposed and modelled in terms of the fol-
lowing steps.

BIA PROCESS: The Process of behaviour Informatics and Analytics

INPUT: original dataset ‘V;

OUTPUT: behaviour patterns P and operationalisable business

rules R;

Step 1: behaviour modeling ©( I);

Given dataset \¥;

Develop behaviour modeling method 6 (6 € ©) with technical inter-
estingness ti();

Employ method 6 on the dataset \V;

Construct behaviour vector set I';

Step 2: Converting to behavioural data ®( I');

Given behaviour modeling method 6; FOR j =1 to (count('t')) Deploy
behaviour modeling method 6 on dataset ‘V;

Construct behaviour vector y; ENDFOR Construct behaviour dataset
D(T);

Step 3: Analysing behavioural patterns P I';

Given behaviour data (®(I');

Design pattern mining method m € Q;

Employ the method ® on dataset ® I

Extract behaviour pattern set P;

Step 4: Converting behaviour patterns P to operationalisable business
rules R;

Given behaviour pattern set P;
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Develop behaviour modeling method A;
Involve business interestingness bi() and constraints c in the environ-
ment e;
Generate business rules R;
Source: Cao (2008).

4.9 RELEVANCE TO MARKETING AND DATA
PROFESSIONALS

It is clear from the above discussion that organisations can reap many
benefits from the proper implementation of data analytics. Information
technology enables marketers to communicate with their potential cus-
tomers and build stronger customer relationships. Dupre (2013) states that
by allowing marketers to take the lead in data analytics, they can use this
customer data to better attract positive expectations of customers, increase
overall sales efficiency, and optimise marketing Return on Investment (ROI).
Furthermore, it was pointed out that marketers can use these tactics to moni-
tor the behaviour of their customers and maintain relationships with them.

Also, Zhong et al. (2004) state that data engineers and data analysts
frequently use clustering methods because of their high accuracy rate. Li
et al. (2019) report that the Bayesian network is widely used to make pre-
dictions from incomplete or missing data. The growing demand for cus-
tomer analytics has led many companies to try to reach their customers
and understand their needs through the programmes they offer and are
now dealing with businesses.

While many companies seek to investigate their offerings, it is impor-
tant to have a strategic understanding of how customers respond to their
performance marketing efforts, how their website is experienced, how they
test or taste their offers, and ultimately translate into purchase decisions.
On the other hand, growth is a constant demand but will slow if innova-
tion stops. Machine learning and artificial intelligence are still essential
for data analytics for high-precision and sensitive forecasting. Industry
professionals can only talk about the digital marketing experience, but
three items are often discussed in the analytics, and it is clear that the
marketing future lies in them. They are the following.

Media Mix Modeling (MMM): MMM uses advanced analytics and
benchmarks to understand how each marketing channel operates
and contributes to a business. Much research has been done on how
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offline methods such as online banners, stores, and television can
be integrated with a wide range of digital data and measured. It is
considered the future because campaigns are increasingly integrated
by nature. MMM provides a high level of understanding of specific
marketing strategies over a long marketing period. This allows mar-
keters to understand a variety of trends and patterns, such as season-
ality, weather, holidays, and brand parts. It analyses historical data
that is usually two or three years.

Virtual Reality (VR) Analytics: The data obtained from the VR can
be used by businesses to better assess risk, understand customer
behaviour, and enhance customer interactions. For example, The
way a person sees and observes items such as clothes and jewellery
through his eyes is done to pick up the customer’s behaviour until
the moment they finally decide to buy them, which is captured by VR
analytic tools. In addition, you can observe how people use hand and
body movements to measure how they interact and respond to this
object. Companies are experimenting with AR (augmented reality)/
VR offerings, and we see that large traffic is shifting to mobile apps.
The obvious trend, however, is that experience in the field of analyt-
ics has been a major factor in opening up more technological innova-
tions, especially in the retail industry.

Data-Driven Attribution: Data-driven attribution is a variety of attribu-
tion models, such as multitouch attribution that monitors all activi-
ties and engagements throughout a customer visit. Active and inactive
communication of customers provides insights based on how people
interact with various ads and how they decide to become customers.
Data from your account is used to determine which ads, keywords,
and advertising campaigns have the most impact on business objec-
tives. You can use data-driven attribution to translate Google analyt-
ics from websites, store visits, and search network campaigns.

I
4.10 PREDICTIVE BEHAVIOUR MODELLING

The stage of a customer’s behaviour extends from the moment a customer
becomes aware of a “need” or “desire” for a purchase transaction for a
product/service (Nguyen et al., 2018). It involves three important stages.
The consumer journey to becoming aware of, evaluating, and purchasing
a new product or service consists of three stages that shape the internal
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marketing framework. In precise, it is awareness, consideration, and
determination. The user, who consumes the product or service is called
the payer, buyer, consumer, or customer. Understanding customer behav-
iour is complicated by the fact that each customer’s attitude towards each
of the above stages changes. According to Solomon et al. (2009), in addi-
tion to these three stages, it is equally important to study the postpurchase
stage behaviour, which demonstrates the level of consumer satisfaction
that researchers need to focus on. A customer’s repetitive buying behav-
iour usually shows high satisfaction, and sellers need to focus more on
completing a product repurchase, which can significantly increase the
company’s sales and ultimately increase the profit margin. Furthermore,
Myers (2001) states that consumer postpurchase behaviour facilitates the
collection of appropriate feedback for products and ultimately helps main-
tain product standards. However, as this is a complex process, it requires
a thorough analysis of customers and their preferences, as well as the level
of customer involvement in the coplanning process.

Evaluations should not be based solely on customer preferences. Other
relevant dynamics should also be taken into consideration. For example,
if a customer decides to buy a product or service, how much would he or
she be willing to pay to purchase the product or service? Whether it is
within the consumer’s ability to pay, and by studying consumer behaviour,
it is important to inquire how consumers invest resources such as time,
money, and effort into their purchasing process. According to Prasad and
Jha (2014), the types of products and services to be purchased, the quantity
required, the place and time of purchase of that product or service, as well
as the method of payment used for purchases are also important. Since the
primary purpose of introducing a product or service to the market is to
meet the needs and demands of the customer, the product or service must
be marketed strategically. From a business point of view, that strategy is to
increase the profitability of the business organisation and the purchasing
power of that good or service (Pahwa et al., 2017).

Predictive behaviour modelling is the science of applying mathematical
and statistical methods, for historical and transactional data to predict
future customer behaviour. In the field of consumer analytics, predictive
behaviour models consumers, allowing marketers or financial experts
to make decisions based on the predicted future of consumers, rather
than based on historical data analysis that goes beyond passive analy-
sis. Predictive behaviour modelling is commonly used to select the best
marketing strategies to implement in an individual customer group and
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identify which customers can change their spending levels. An important
part of marketing theory is customer behaviour. The literature notes that
the study of consumer consumption patterns particularly buying patterns
is significantly important in the marketing process (Wang et al., 2020).
While consumers’ acknowledge that marketing is a major factor influenc-
ing greater demand, traditional marketing concepts are not sufficient to
test consumer behaviour. Because customer beliefs and behaviours vary
from person to person, maintaining the same traditional marketing prac-
tices can be a challenge for customers to buy products and services from
the same business in the long run. Moreover, by studying the preferences
of customers, it is clear that marketing needs to build a strong relationship
with the different tastes and preferences of customers.

I
4.11 PREDICTIVE MODELS

Predictive models are usually used to forecast twofold occurrences. For
instance, buying or not buying or trying to make continuous predictions.
Accordingly, statistical and data mining methods vary according to ana-
lytical objectives. The main mechanisms that we use to forecast a twofold
occurrence are logistic regression and artificial neural networks (ANNs). In
predicting continuous impacts, such as contributing to the profit margin,
we use neural networks (NNs) and regressions. Additional techniques are
used for purposes that do not fit into these categories. Regressions on poi-
son distribution could be exercised for forecasting ordinal results (e.g., 0, 1,
2), and hazard models are used to forecast the time for a possible occur-
rence. The hazard model is a statistical technique for determining “hazard-
ous activity”, or the likelihood of a person experiencing an event over a
period of time is subject to the individuals potential risk of occurrence. For
examples of these are predicting how many reminding phone calls a tele-
communication company should make to us to pay our unpaid phone bill
and finding out what we can do to optimise the retention of customers who
come to our company to purchase certain products. The primary driver
is the one who decides which technology to use based on the data miner’s
experience. Accordingly, there are several different modelling methods for
different purposes, and often these methods tend to give similar results.
When we choose a technology, we should also pay more attention to the
total variables chosen and the practicing background of the model. For
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example, NNs have a tendency to select a large number variables rather
than regressions. In addition, if we use the updated properties, we may
have problems with marking or activation of future models. Also, the best
models do not deliver the largest rate of return. They contain high-priced
upgrades or consumer attributes that are difficult to implement in prac-
tice. Therefore, we need to take into account the total implementation cost
for the analytical solution when looking for the optimal solution. Optimal
transformation of variables and their combination should be considered
in model building. Here, the methods of using models vary according to
the design technology. Undoubtedly, regression analysis contributes to the
better formation of linear connections, and the NN stands out in identi-
fying nonlinear connections. Data conversion and reduction are done to
minimise errors and to optimise the correlation between independent vari-
ables and dependent variables. Sometimes, the final variables that we find
probably are not the most effective single variables. For instance, in fore-
casting age and earnings because age is closely related to income, which
means that income increases with age. Nevertheless, often at a certain age,
the income is low or stable. Most of the data gathered by age and earnings
are not independent and the resulting overlap causes an error. We need
to minimise this error to optimise the model’s forecasting power through
data reduction methods. In addition, once the final model is selected to
measure the predictive accuracy, it should be checked with another dataset
and the model verified. This verification database must be the same sam-
ple obtained under the same dynamics; otherwise, the model cannot be
correctly adapted. However, if possible, it is best to have several verifica-
tion datasets from different periods. Databases verified by alternative time
frames further assure us that the derivative model is a good representa-
tion of the customer world. Accordingly, it can be determined whether the
model is a generic model or a defective model. A model that adapts to data
at different times is error minimised. Here, we can even explore seasonal
issues with several verification datasets in different time frames.

4.12 CONSUMER ANALYTICS
4.12.1 Consumer Forecasting Analytics

Behavioural data is the data that a customer goes through after learn-
ing that a product has been purchased. It contains the use of these stored
interactions to capture customer events and actions over time and to
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determine the general behaviour and behavioural intentions of customers.
Consumer analytics is the process by which consumers’ transactional data
enquire about unique and functional components of customers and their
transactions. That is, it uses customer behaviour data for predictions and
so on. These analyses can help the organisation achieve its goals by build-
ing specific marketing goals and creating goal-based activities. Customer
analytics creates opportunities for effective and advanced CRM in busi-
nesses. These analytical methods vary based on the factors such as objec-
tivity, industrial environment, and practical applications.

There are a number of ways in which retailers can benefit from customer
analytics. A pioneering example is the Guardagni and Little’s paper, whose
authors used multitasking to help retailers and manufacturers understand
how marketing mixes, specially pricing and promotion decisions, affect
the sales and market share of their products. Much of the work in con-
sumer analytics in the retail sector follows the contributions of Guadagni
and Little (1983). Let us find out what are the specialties here. Working on
CRM and CLV is one unique research path in the modern day. According
to Kumar and Petersen (2012), the power of the CLV metric can be used to
maximise the profitability of retailers’ businesses and to implement a CLV
management framework. Many entrepreneurs today find CRM and CLV
systems and strategies as powerful mechanisms that bring many benefits
to their businesses. These data mining methods can be divided into two
parts as described above. Predictive models use the customer’s previous
interactions with the business to predict future events, while clients with
similar behaviours and attributes use the segmentation method to make
different groups. Both of these methods allow marketers to maximise
their advertising management and the sales targeting process.

One of the key benefits of data in customer sales and behaviour ana-
lytics is ROI predictions. Such forecasts are important for budget and
strategic planning. The use of predictions generates intelligent and evi-
dence-based sales goal based on sales records for the present as well as
the past. The sales manual is used to minimise or eliminate errors based
on human activity, which leads to errors in forecasting. Businesses use
ROI predictive analytics to maximise their sales and revenue that can be
a valuable tool for marketers. When reviewing your strategy in the newly
evaluated year, it may be time to consider implementing predictive analyt-
ics in your business strategy. Let’s look at something that marketers can do
when they go with all available data. Predictive analytics can be used for
designated seasonal consumer behaviour. This is especially true for online
marketing, where the most successful e-commerce websites prevail, that
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emphasises the products that customers want at a certain time or certain
season. Second, can you direct your sales to customers who are likely to
buy the cheapest products while focusing on rich customers for luxury
products effectively? Next, offer alternatives to customers’ buying habits
if the product is unavailable. Once the customer approaches you, find out
which substitute product may be bought by the customer if the particular
product that the customer is looking for is no longer with your business. It
seems that problems with the logistics offers occur, based on the forecast-
ing algorithm, to determine whether an alternative option can be sold to
the customer. If Mercedes Benz doesn’t avail in the market, we may try
to sell Audi based on what consumer analytics predicts about the most
possible alternative for the said customer. The fifth is customer retention.
Therefore, prioritise the client’s preferences correspond to the client’s pre-
vious buying patterns grounded on several factors so that they can make
customer retention. Achieve customer satisfaction with easy-to-market
marketing, detailed customer data with past purchases and present pur-
chases are important for discovering the potentials of the customers in the
context of product or service marketing.

4.12.2 Point of Sale Data (POS)

The unique attraction of POS data is that it is easily accessible from the
basic sales tools. Chronological methods are used to find and assess exist-
ing patterns in past sales data and use them to predict future demand.
However, this forecasting method sometimes appears to be weak because
it is a by-product of demand censorship. This means that overdemand
increases sales and this excess information on demand are not reported
below the existing inventory level. For example, if an inventory has 100
items in one product, the demand is 180, but the excess demand of 80
after 100 is unrecorded, which means that no one in the business knows
that there was a demand for 80 items. For these 80 increasing items, the
business just says that we run out of goods so there is no way to supply,
but it is not recorded that there is an excess demand of 80. Companies
do not report demand information in warehousing and report informa-
tion on inventory exceeding demand. Censorship of such extra requests
tends to go downhill and its consequences are poor inventory decisions,
further increasing the extent of censorship. This problem can be worsened
when companies sell multiple products and when the stock runs out and
there are substitute products. Then, the company may end up underrating
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the demand for bestselling products. Various researchers have shown the
problem of demand censorship and how that problem affects demand
forecasting (Wecker, 1978), especially how they are adversely affected.
But they have also pointed out important consumer features such as price
flexibility (Dixon, Seaton, & Waterson, 2014) and vital stock decisions.
Scholars specialised in managing an operational business environment
have come up with solutions to this problem through several econometric
methods, and the problem here is that implementation of such economet-
ric solutions is a very complex process.

The last decade has seen an expansion of payment models in the mar-
ket, i.e., POS, mPOS, NFC-based m-wallet, other prepaid devices, QR,
BBPS, etc. Online markets explore real-time data analytics and censor-
ship chains in conjunction with cognitive learning to mitigate the risks
of banking payment systems with increasing digital transactions using
many different payment models. Fintech technology has developed adap-
tive and step-by-step verification solutions for e-commerce transactions.
The use of data analytics is a key to growth as it allows players to profile
and enhance digital analytics data such as increasing the efficiency of risk
management, expansion of banking products and services in financial
services, increasing opportunities for top-selling and cross-selling, busi-
ness models focus on customer orientation, etc. Digital transaction data
stimulation, loyalty, and lending decisions are also emerging due to the
power of forecasting. Digital transaction data allows banks to establish
a predictable pattern for loan repayment schedules, determining loans,
loan repayment ability, etc. These data analytics provide a unique service
that stimulates a payment grounded on the trading history of merchants
on its platforms. Modern point-of-sale systems can capture detailed data
on sales times as well as the availability of different products in stock at
different times.

This method has traditionally been used as a base for collecting sales
data and predicting future demand. Now, cashboxes and readers of credit/
debit cards are already obsolete. POS systems offer the customer a so-
called noncritical browsing experience and a transactional data collection
system. The POS kiosk, which requires minimal assistance to execute, cuts
lines, and speed up checkouts, are now switching to mobile devices with
the help of hardware such as NFC-based payments or Square 1 that allow
retailers of different ranges to deal with their customers as well as to have
different communications with consumers under different conditions. For
example, you can contact Apple Inc., to pay for products using Apple Pay,



98 « Big Data Analytics

a payment app of Apple on a customer’s cell phones at the retail store and
enlist the assistance of any retail staff member to inspect the product.

The fact that the POS device is probably a special iPhone is special. In
a certain case, Amazon Go 3, for example, says, “No lines. No exit” — the
Amazon Go app handles customers’ phones for payment and its sen-
sors detect what is in the shopping cart. A POS system is a unique unit
that brings together many sales channels, which minimise the difference
between customers’ physical and online stores today. The main advantage
of this system is that all transactions between the customer and the stor-
eowner are integrated into the company’s CRM system, either through
software applications or through loyalty initiatives (Pratminingsih et al.,
2013). It allows us to easily access different types of indexed or encrypted
data, which include demographic profiles of customers, product-ordering
history, loyalty information, paid discounts, coupon releases, exchange
rates, and many more. The second advantage is that modern POS systems
integrate with inventory and storage systems to give retailers and custom-
ers access to products and consumer access to wider physical and virtual
store networks.

4.12.3 Route Data in Storage

With the intention of grasping the buyer behaviour in the digital age, it
is also imperative to examine the “non-buying” behaviour of consumers.
Many shoppers do not complete purchases even though they have items
in their virtual shopping carts. Industry studies show that 88 percent of
online shoppers have abandoned their electric carts in the past (Forrester
Research, 2005). New storage technologies blur the gap between brick and
mortar and the virtual search and purchase experience. Information on
consumer search is e-search, the process by which consumers select a spe-
cific element of a stimulus to clarify cognitions associated with a brand or
product, as well as to satisfy intentions (Howard & Sheth, 1969). Data and
purchases (cart collecting, cart abandonment, etc.) that were once only
available to large-scale web-based retailers are now also associated with
smaller retail stores. (Chaudhary & Kumar, 2016). Beacons link up with
the consumer’s smartphone through Bluetooth and detect as soon as a
potential client enters the shop. Macy’s ShopKick app - the application
provides examples of this type of activity. It is activated by beacons and
integrated with the search experience of the client, storing customer loca-
tion, pushing store content, offers, and benefits (Tuttle et al., 2014). Kruger,
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Inc., one of the largest and most reputable companies in the U.S. retailer,
has introduced a new approach to digital rack edges for POS. There, the
customer is attached to a personalised information system, including pric-
ing, as they move through the digital rack edges. Another example, one of
the high-end retailers like Marks and Spencer is currently experimenting
with “virtual rails”. Featuring three 46 screens and three physical rails
with 50 samples of clothing each, the train will be updated every six weeks
to showcase the latest trends. It has a range of order points, iPad screens,
and fashion consultants. This innovative e-boutique allows retailers to
bring their latest fashions from a very small footprint store, bringing it
with mobile and online websites. Current reality applications are used for
virtual wardrobes, and there, customers can see if different garments fit
them according to different measurements. Infrared sensors, traffic coun-
ters, and video cameras can now navigate through customer traffic and
storage. They are widely used to reduce check-out lines, to schedule and
deploy the workforce and items transportation to customers.

4.12.4 User-Generated Content (UGC)

This is commonly referred to as data generated by unpaid subscribers. It
could be Internet searchers like Google search, and it is only available on
an overall basis. Alternatively, analysts can clearly identify FB postings,
images, video, certificates, blog postings, Twitter messages, and reviews.
UGC is a very important factor in finding, researching, and purchasing
products. Companies take advantage of UGC, a strategy that seriously
stimulates searching, social media, m-marketing, and email-marketing in
digital media. In relation to one approximation, by 2021, digital marketing
“spending” for U.S. businesses will reach to more than 120 billion dollars,
which corresponds to 46 percent of the total sales and promotion expen-
diture. Companies spend a considerable amount of money on positioning
in search engine searches. It not only invests in educating clients but also
explores how to use social media platforms to “spread the word” or “word
of mouth” with their valued clients. Literature reviews have shown that
many such attempts have been successful. It is clear from these empiri-
cal findings that UGC brands have a significant impact on the purchas-
ing power of individuals and sales of goods and services (Alam & Khan,
2019; Raji Ridwan et al., 2017; Mohammad et al., 2020). The majority of
studies related to trades on UGC exercises statistical data (Netzer et al,,
2012), for example, ranking points or number of comments, or a number
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of retweets. As Lee and Bradlow (2011) point out, this methodology was
used to combine different marketing methods and test excavations to
determine product citations and brand placement by product.

4.12.5 Granular Sales Data

The inherent demand of consumers for different products as well as the
desire to replace them is also interesting. More compact data is available
than sales data can be used to learn about customer choices among the var-
ious products in a collection. Using inventory data, one can get informa-
tion on how product sales have changed over time. A more comprehensive
understanding of the customer selection process can be gained by look-
ing at how the inventory data is matched with sales transaction data. This
has been pointed out by Karabati and Kouvelis (1994) as a multiproduct
forecasting system. The sales data of their proposed scheme is divided into
different time frames and thus the customers get a different collection of
products. These unallocated data are used to measure demand ratios and
replacement probabilities for each product. The use of granular sales data
for consumer selection models has been used in more recent times for gain-
ing a good knowledge of the consumer selection process. Musalem et al.
(2010) developed a multinomial logit (MNL) selection framework. Some
researchers have taken into consideration a general rating-based selection
model, while granular sales data show how a prelaunched merchandising
test can be extensively improved (Aktas & Meng, 2017). In addition to
freezing data over time, modern outlets and database systems allow com-
panies to monitor what the basket contains. More precisely, what products
have been bought and how frequently they buy, etc. In different segments,
including retail, customers purchase several products at once, and it is
revealed that the availability of each product has influenced the buying of
more different goods in the client’ cart. Scholars identified this phenom-
enon in the construction of various consumer selection models (Chung
& Rao, 2003). However, such analysis provides an essential way to pre-
dict demand for a particular product. Various data sources have recently
made it easier for companies to collect traffic data, link customer behav-
iour, and transport counter data for predictions. For example, this data
helps to obtain information on how many times customers have visited
the departmental stores of these institutions. In particular, many retail-
ers today are interested in e-commerce and they have adapted their busi-
nesses to it. It is therefore easier to collect and analyse such data. Besides,



Prediction of Marketing by the Consumer Analytics « 101

electronic traffic counters and related technologies have expanded further
and are more precise today. Various practices in data related to traffic sup-
port businesses’ strategic decision-making process, and businesses have
understood the practical value of this information to organisations in
business decisions such as company promotion and sales, staff training,
and warehousing and transportation planning. Traffic data can be used
to determine how effective the entrepreneur has been in their business
and to what extent the attraction of customers to the business has been
achieved through other promotions outside the business. The potential of
this data multiplies when combined with sales records. By analysing traf-
fic data and transaction data together, businesses learn about translation
tendencies that determine the purchases of a select new customer group,
which can provide information on the productivity, efficiency, and effec-
tiveness of drive translation storage components. Not only does it allow
companies to predict, but also optimises staft deployments, etc. Another
application for traffic data, Lam et al. (2001) have shown to be used to
assess the impact of different types of promotions.

4.12.6 Switching Consumer Experience

The higher usage of personal devices such as smartphones or wearable
technologies such as smartwatches today has greatly changed the con-
sumer experience. Beacons available in storehouses provide significant
opportunities to identify a customer entering a store, to contact custom-
ers, to collect data, and to make contacts to purchase based on historical
shopping models. Consequently, demand is not only a prediction of any
kind for a certain product but also directly affects and changes the cus-
tomer purchases (Feng & Shanthikumar, 2018; Cohen, 2018). Access to
product information, how pricing has affected purchases, and the use of
promotional media such as e-coupons can help businesses discover past
explorative experiences of their customers and personalise the products
and services to clients accordingly.

In any marketing strategy, it is important to deliver a message to your
customers at the right time. With the advent of e-commerce in the last
decades, it is more important than ever to reach customers ahead of your
competitors. In order to provide personalised marketing strategies to con-
sumers, marketers can use this behaviour to reach out to better-targeted
groups of businesses, divided into specific subgroups based on geographic
distribution or other demographics. With this expertise, it is easy to guide
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customers to the right products and place them in the right place. The
most profitable subgroups can be highlighted by segmentation based on
buying behaviour from the past. Customers are subject to change based
on the history of the ads viewed, the number of times he or she has visited
product sites and advertisements, how much time spent with it, and so on.
Accordingly, by displaying advertisements designed to suit the preferences
of the users, consumers are encouraged to purchase the products that are
displayed.

How do you benefit from using marketing and predictive analytics of
sales? First of all, any process or tool that helps marketers identify the
buying habits of customers can be helped for their businesses. Predictive
analytics helps to ensure that these predictions are accurate. For instance,
when a movie viewer buys a ticket, the transaction is captured by the ticket
seller’s computer system and recorded in a database. Predictive analyt-
ics algorithms can instruct the computer to send an email to a customer
every time a new cinema is about to launch. To go a step further, certain
category algorithms can target ticket buyers with their specific interest
generated from the previous cinemas watched, such as musical cinema,
mystery cinema, humour cinema, etc., and send out an email when a new
cinema matched with their interest comes to the cinema hall.

Businesses can deliver products and sometimes they take customers to
these product sites. This is a dynamic research matter in business opera-
tions where smart technologies can be used to conduct product research
from a consumer’s perspective. For example, the customer experience is
personalised in many ways, such as searching for reviews, or finding a
price of business competitors, or requisitioning a competitive good from
the departmental store itself. The demand should be directed to a unique
customer with a significantly shorter time frame, and delivery of goods on
a plan for his overall needs will be done in the long run by providing ser-
vices for all needs under one roof. Customers now demand the flexibility
of ordering through a product, i.e., they expect to deliver products across
different channels to reach orders to different locations including their
homes, warehouses, or third-party locations. Omni-channel demand
forecasting can be used as part of potential exploration. Integrated supply
chain combination enables big data technologies to “communicate” within
the supply chain and build an “intelligent” supply chain (Sanders, 2016).
Business-oriented messages/promotions can be delivered into the hands of
customers. Customer retention can also be further monitored, consumer
processes can be monitored online, and businesses can tailor products and
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services to customer needs. The importance here is that such relationships
enable businesses to capture the real needs of customers, thereby tailor
supply, and increase customer loyalty. It also has the potential to provide
more supply chain feedback to minimise forecasting errors. Confirming
customer participation here presents a more feasible testing ground for
the predictable community. Provides supply chain programmes such as
“Collaborative Planning Forecasting and Replenishment” (CPFR) and
“Efficient Customer Response” (ECR) for demand planning and refilling
in collaboration with major suppliers. In many cases, companies give the
customer the ability to look at inventory from this point of view (Panahifar
et al., 2015; Boone & Ganeshan, 2008). The radio frequency identification
(RFID) inventory system enhances tracking and maintains consistent ser-
vice and inventory levels (Bertolini et al., 2010). Promising technologies
such as blockchain make the most steady, precise transactions and report-
ing mechanism much easier.

It facilitates the “track and trace” of the supply chain and provides
the applicant with data on refill plans and acquisition delivery times.
Equipment supply chains have since improved “yield management” to a
higher level through “dynamic price tags (DPT).” Thereby, it improves the
functionality of the supply chain. The challenge here is how to integrate
these new technologies into the design procedure. For instance, whether
the block chain mechanism should be applied to all production in the
business, whether they should resort to smart agreements, and whether
they should install chain commands. Finding answers to these questions
can lead to better visibility and predictions that are more effective.

Sensors collect data on clients related to privacy, partisanship, and dis-
crimination. These types of data, for example, cellular phone data, have
no explicit intention. Moreover, these data are not unspecified. These are
regularly related to customers’ distinctiveness behaviour and use these
personal datasets to predict customer behaviour.

4.13 CYCLE ANALYTICS FOR PREDICTIONS

Predictive analytics with low amounts of data is also possible for intel-
ligent decision making and it is still successful. However, while data have
reached surprisingly large proportions, the human ability to make wise
decisions has been declining. Data-based decision-making is often based
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on quantitative models that use a closed process, usually called a cycle. The
life cycle begins with the identification of problems and then continues
with the planning and construction of an analytical framework. You can
then move on to data management, reporting, and visualisation. Sample
analyses are then performed for cost, activation, and testing. Adaptation
to the feedback loop and further access to passive forecast analysis is chal-
lenging. It is a powerful technology that can be predicted through the
right marketing strategy.

Researchers generally use traditional time series to make various ses-
sional predictions. Automatic feedback is used as a foundation for con-
sumer analytics, which includes a search index for a specific keyword as a
predictive attribute to build an improved forecasting model. Verification
of the value of the trend variables involves the use of a predictive error pre-
diction window outside the samples of these two models. These predictions
are often compared to predictions more advanced. Current studies have
found that Google has used tendencies to advance the efficiency of mone-
tary measures such as nonemployment ratios and returns (Choi & Varian,
2012; Smith, 2016), GDP (Castle et al., 2009), and sales. The “automotive,
home and retail models (Choi & Varian, 2009; Wu, & Brynjolfsson, 2015)
and Mean Absolute Error-enhanced economic models” of Google trends
are generally 4-25% smaller than the sample projection errors, which are
then the primary models. In addition, “Google-enhanced models” are
familiar in hygienics. They frequently monitor events or pandemic (e.g.,
Ginsberg et al., 2009). Real-time data shows that trend data is also valu-
able in critical industries. Search query data in financial markets are used
to predict retail investor attention (Da et al., 2011), “market volatility”
(Dimpfl & Jank, 2016), and “earnings” (Drek et al., 2012). Improved mod-
els were employed for the assessment of customer “traffic” to predict tour-
ist arrivals in the tourism industry (Choi & Varian, 2009). Improvements
in mean absolute percentage error in most industry-specific models range
from 10 to 40% and can be used to improve forecasting by propensity data.

Research into the use of Google trend data to predict sales is not wide-
spread. However, we can identify several related studies that specialise in
overall sales forecasting (Choi & Varian, 2009; Schaer et al., 2019). One
of the things that we noticed here is that Google simply indexes apps that
have a specific level of congestion. Accordingly, “index values” are not
built for search terms. Here, another aspect of the uncertainty is the area
in which researchers need to pay attention to proxy terms. Search engines
identify index generation as a black box, and Google says that the index
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is grounded on sample data. Thus, it is an outdated method, which raises
the question of long-term reliability when using trend variables, followed
by search term product life cycles or individual target variables, which is
a study area and studies should emphasise how changes in search terms
affect demand projection. Schaer et al. (2019) show that if such models
perform poorly in predicting the magnitude of the demand, a long-term
framework must be built to redesign the supply chain.

Dynamic forecasting can be frustrating as Google uses trending con-
temporary applications, and these formats are prone to very short fore-
casts. Research should focus on how these models can be used strategically
to plan an organisation’s sales and operations. Various research studies are
being conducted on how to use the data sources built by social media to
understand the predictions related to the data gathered on social media.

From the prevailing literature, it was noted how to use data grounded on
social media (Facebook, Twitter, YouTube, etc.) to offer an understanding
of social media predictions. As more and more people share these expe-
riences in real time, this data not only informs but also shapes the way
users make decisions. From a technical point of view, the main emphasis
of many research endeavours in this area is to first validate how entries on
social media can be grasped and adjusted to quantitative measurements
or indicators. There is a wide range of ideas on how to build these indica-
tors. They have “valence” measurements. They also include posts, part of
the positive notes, posters, poster grading, number updates, and “valence”
steps related to the background and value of the postings. As the scope is
relevant to the post, the “word bag” in the post, the value of the poster, the
credibility, impact, the environment in which the post began, etc., are also
important here. It aims to easily capture the mood in a marketing process
related to the topic, as well as determine how to effectively disseminate
product information in the business with social media. For instance, for
stock-market forecasts, total progressive tweets could be one of the best
indicators such as Dow Jones, S&P 500, and NASDAQ. How these indica-
tors are constructed is an important aspect of research.

The second step in evaluating “customer-generated content” is to upgrade
predictive models by social-media parameters and/or indicators to see if
the predictions they make are actually in close proximity to the truth.
Linear models, as well as many nonlinear models, have been used for social
media-related research and Twitter data is widely used for prediction, usu-
ally by machine learning methods (Lamb et al., 2013; Broniatowski et al.,
2013), stock prices (Zhang et al., 2011), box office earnings (Mishne et al.,
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2006; Sanguinet, 2016; Liu et al., 2016), and TV rankings. Many studies
(Wakamiya et al., 2011) show that adding social media information can
improve predictive errors using data from an online retailer.

4.14 KEY CONCEPTS OF CUSTOMER ANALYTICS

1.

Venn Diagram - Hidden relationships are used to find out what con-
nections or disconnections are. This methodology is used to explore
customers who have purchased various products as well as to recog-
nise cross-selling openings.

. Data Profiling - This method identifies consumer traits, selects

accounts from “data trees,” and searches for the profiles of consum-
ers, to identify the commonalities and performances. Sales and mar-
keting departments use these profiles of consumers to devise what
successful selling and promotion tactics are.

. Forecasting — The “time series analysis based forecasting” method

permits the businesses to adjust to the transformations, estimate
potential tendencies, and identify cyclical variations. This method
can be used to systematically forecast sales periodically; otherwise,
you can calculate the expected orders for different periods.

. Mapping Colour Coding - This is used to identify geographic

regions through mapping and it indicates customer behaviour when
geographical areas change. A map shared to “polygons” represent
geographical areas exhibit, where the Churner hub is located or
where specific products are sold.

. Association Rules - This is called grounds/consequences — analysis

of basket. The technology generates a set of rules, which identify
relationships or relationship patterns through data. It robotically
chooses which ones are more effective for trade acumen. Thus, it
examines that which products customers buy at once and when. In
addition, you may find which customers are not buying and what
the reasons for not buying. Here, you can also find out about new
opportunities for cross-selling.

. Decision Tree — Behaviour, classification, and prediction are done

here. It is a prominent technique for categorising different appli-
cations of data mining and is a powerful support to the decision-
making process. This classification helps you to choose right products
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and make predictions about potentials to recommend to a specific
segment of customers. The most commonly operated “decision tree
algorithms” involve “ID3, C4.5 and CART.” Mechanisms for visualis-
ing data, such as “polymaps,” can be used. Polymaps allows for mak-
ing interactive and dynamic maps, and it is a joint project between
SimpleGio and Steman. This sophisticated mapping method can pile
the data from a variety of measures, providing multimagnification
activism at all levels of the country to street view. Lurie (2014) uses a
JavaScript plot library for jQuery for Floatwich. Float is an applica-
tion grounded on a browser that is well matched with many corpo-
rate browsers, comprising IE, Safari, Chrome, Firefox, and Opera.
Float various visualisation options help with the database, interac-
tive graphs, vertical graphs, and other capabilities for panelling and
zooming, as well as specific plug-ins for specific functionality (Lurie,
2014). D3.js: A JavaScript library can be used to create data visu-
alisations that emphasise “web standards” with HTML, CSS, and
SVG and get a new life to documents with a data-based approach
to manipulation of DOM. The SAS Visual Analyser is a mechanism
that can be applied to the exploration of any visually diverse dataset
for a more detailed and unique analysis. Here, with knowledge of the
analyser and automated prediction tools, users of any level will have
the opportunity to visualise this SAS visual to find out what the con-
nections behind any dataset are and what the hidden patterns are.

I
4.15 PRESCRIPTIVE ANALYTICS

Prescriptive analytics is primarily concerned with finding the best
course of action from the existing data. This type of analytics applies
to both descriptive analytics and predictive analytics and is unique in
that it focuses more on functional understanding than data monitor-
ing. Descriptive analytics gives us an insight into what has already hap-
pened, while predictive analytics mainly concentrates on the predictions
that may occur in the future. Prescriptive analytics presents a variety of
choices and seeks to find the best solution. It also allows you to make deci-
sions based on optimising the outcome of future events or risks. However,
a prescriptive model is similar to the training process and deeply learns
the applications for machine learning. But “deep learning” is grounded on
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the layered NN in the human brain. Conventional machine learning can
identify patterns of human behaviour, but in-depth learning is so sensitive
and it can identify patterns. Rathi (2018), Internal Marketing Manager,
Netcore Solutions, writes that AI-powered marketing automation does not
guarantee the correct communication to the right individual at the right
time, but deep learning can take it to the next level, which provides a highly
customised and better service to customers, taking into account even the
most subtle preferences combined with external factors such as customer
preferences, personal preferences, spending patterns, and socioeconomic
backdrops as well as natural circumstances such as seasons, disasters, etc.
With in-depth learning, for example, you can train a predictive model of
all customer activity over the past months and produce an algorithm that
can predict which customers will like a particular product. By training
the model to predict the likelihood of prospective customers purchasing
the product, we can gather information about their purchasing habits and
improve conversion rates.

When deploying AI for sales and marketing efforts, allocating custom-
ers to the right subgroups is key to optimal targeting. Consumer seg-
mentation based on traditional demographics can be transformed into
something different when Al is effectively implemented. Instead of drag-
ging customers into buckets based on age, gender, or sociocultural param-
eters, we can make a quantum leap beyond those precedents and enrich
the marketing strategies of the business with AI that are important only to
potential customers who buy the product. It uses data filtration and hole
analysis algorithms to provide customers with an understanding of pur-
chasing behaviour. The Future of Consumer Analytics — while scanning
the ecosystem, many start-ups have focused on analysing consumer senti-
ment and buying patterns. Gaining an understanding of customer behav-
iour helps their enterprise customers understand how to meet demand.

This approach enables businesses to use analytics to provide an under-
standing of their data and to optimise personalised services, sales, cross-
sales, and their business operations to meet customer needs. Tomorrow’s
successful businesses use analytics to turn the people in society into their
customers. Within the scope of consumer intelligence, organisations use
such data to better understand their customers and predict the impact on
consumer decisions. This will have a positive impact on current inventory
businesses. Then, organisations can use data intelligence to create fore-
cast models, customer profiles, and more personalised models. Through
this approach, customers learn what they are buying and what influence
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customer decisions through privatised businesses to achieve timely sales
and cross-sales.

We are currently teaming up with evolutionary computing machine
learning with genuine game modification technology to create more accu-
rate prediction models. This method permits us to make more accurate
predictions using an algorithm called the “white box.” This is important
to interpret the predictions that we make in marketing analysis and to
understand the benefits of relying on data in the decision-making pro-
cess of the businesses. Marketing multitouch attribution (MTA) is further
enhanced by this technology. By technology, we mean the use of genetic
algorithms for both features and parameter selection. A genetic algorithm
and recurrent neural network (RNN)-based model of gene-regulatory net-
work (GRN) are important technologies that are not commonly used in
machine learning (Raza & Alam, 2016). However, it is now playing a more
important role. The main challenge we have is to find the best model for a
universe with trillions of potentials. Genetic algorithms can be used as an
intelligent search engine. However, it is unlikely that a genetic algorithm
will always give you the optimal solution. Nevertheless, it does provide a
good opportunity to get closer without trying every possible option. In
considering its functionality, it generates random solution “populations”
and aligns the models according to objective criteria based on them, pre-
dicting accuracy as well as minimizing errors.

4.16 CONSUMER ANALYTICS CHALLENGES

Strategically, every business organisation must decide whether or not to
utilise technologies related to big data in planning. It hinges on the advan-
tages to the business organisation compared to the cost of collecting and
analysing the dataset as needed and whether they outweigh the cost.

Our intention is not to find out how big data can be applied to business
processes in organisation and to what extent they contribute to the stra-
tegic process. At the changing nature of the supply chain, it is important
to look at the challenges that arise when using big data for supply and
supply chain planning. Capture and connect big data for conventional
SOP procedures, it brings big data with it to advance the prediction of
goods and provide an understanding of consumer behaviour. These pos-
sible advantages, however, are there with many pragmatic difficulties for
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the specialists who plan demand in business organisations. First, the size
of the data could be enormous. For instance, out of a million customer
transactions, Walmart gathers over 2.5 petabytes of data hourly. However,
only about 0.5% of the data is analysed. The issue here is determining
the type of data to be hoarded and for how long. Second, as Feng and
Shanthikumar (2018) explain, theoretically, the more information in gen-
eral, the better the predictions can be made. The challenge here, however,
is what happens when the variables increase abnormally and the relation-
ship becomes unclear.

Large data sets, especially those used for forecasting, are rare and non-
reactive and that semi-non-parametric methods for instance machine
learning (Cui et al., 2017) are more appropriate for analysis. Application
designers need to be prepared to adapt to a wide range of methods in the
design process from human judgment to data-based decisions. Studies in
industrial applications have repeatedly shown that judgment is a predic-
tive standard based on “gut feeling.” Statistical predictions of this usage
are made for several factors that are difficult for analysts to measure. These
include “promotional activities,” “seasonal activities,” “demand risk,”
“demand and supply chain disruptions,” etc. Human judgment has the
potential to improve predictions, and special attention will often bring
it into its own biased process. Often, such judgments adversely affect the
accuracy of predictions because their contribution is unequally weighed.
Newly available data, at least theoretically, have a prospective for minimis-
ing the negative impact of “adjustments” on predictions.

Attempts are made to systematically incorporate new data streams
(Sagaert et al., 2018) with forecasts. However, there are important prag-
matic challenges. First, recent evaluations (Weller & Crone, 2012) show
that such data flows are not straightaway accessible or accessible to the
majority of application developers. Second, integration of data with com-
monly used ERP systems by designers requires important hardware, soft-
ware, and diagnostic and analytic support. Third, a substantial learning
curve is needed to translate the outcomes of new algorithms related to
machine learning. On the other hand, research being done for the projec-
tion group is to study the possibility of replacing large data streams for
specialised professional judgment. Although it is believed that big data
can never replace a particular expert opinion, some problems with predic-
tions can be alleviated.

Predictive technology builds insight and makes it easier to derive better
business decisions. But without a strong foundation for our project, we
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will not be able to achieve the desired results. The most important factor
in the predictive analytic process is the quality of the data. Data are cen-
tral to predictive analysis, and we must particularly focus on the quality
of the data before using forecasting analysis. Liu et al., (2020) and Yunus
et al., (2017) say that poor-quality data can seriously affect the efficiency
of business decisions. The less we focus on data quality, the lower the
quality of data mining and analytical results. Andrews et al. (2018) found
that this can have serious financial or other adverse consequences for the
business.

Another factor to consider in consumer analytics is modelling. As
Solovyeva and Khominich (2019) explain, modelling needs to be “repeti-
tive, on an industrial scale” to warrant the effective development of many
predictive analytical models. Models represent those relationships (Miller,
2014). Therefore, whether predictive models are used, whether retrograde
or categorical - the important thing to consider is whether it is at a level
acceptable to the user’s preference. User preferences, judgment, and expe-
rience often affect the results of predictive analytics. Expressly, without
product-oriented lifecycle management and production within the sys-
tem of production or its atmosphere, the forecasting analytics does not
preserve the desired outcome (Chu et al., 2007). Legal and ethical con-
siderations for forecasting are especially important if a company is active
in different jurisdictions and cultures. Attention should also be paid to
how customer information is kept and mined, and whether “data min-
ing protocols are ethical” (Johnson, 2014) in compliance with the ethics.
According to Schwartz (2010), it is important for assessing whether the
business decision-making process with analytics indicates the “legal, cul-
tural and social norms” of the organisation’s activities and when neces-
sary to act under these standards (Johnson, 2013).

Another factor to consider is communication of the return. Data min-
ers and data analysts may be disappointed if it is disbelieved that busi-
ness users are not serious about implementing the results of analytics,
even though the company has invested in a forecasting project (Ogunleye,
2015). Expressly, there may be times when analysts are thrilled about the
“insights” provided by them, but this process will not be successful if busi-
ness management fails to convert the “new insights” value on their part.
The introduction of forecasting analytics technology requires a change of
attitude and individuals in the business who are accustomed to taking
decisions grounded on the intelligence or extrasensory perception that
they see as an important aspect of the existing officiation.
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In addition, the other important thing is that your data sources, whether
internal, external, or third parties may eventually contain errors in this
data. This data does not flow properly due to data errors. Errors such as
duplicates or individual fields containing incorrect data may be more sub-
tle. New algorithms that do not work as we expect, changes to your coded
database, IT failures, or many other things can cause data errors.

I
4.17 FUTURE RESEARCH

However, many researchers have developed traffic-related sales models,
but it is not clear how accurate the traffic data can be. Thus, the prevailing
research studies are also based on high aggregate data - little to distin-
guish between the type of consumers arriving at the departmental store
or the assorted arrays of products being sold. Research should explore
how this relates to the demand for a specific product as well as potential
sales. Current research is mainly based on the number of clients entering
the shop and then it doesn’t pay proper attention to the time that they
spend in the store. Naturally, many customers in a store and the amount
of time they spend in it affect purchases. Increase group access to prod-
ucts, access to sellers, and increase “vigilance” at the conclusion of a sales
transaction need to be researched because in future research we need to
pay more attention to the additional operational dimensions that exist in
this customer flow. Data analytics allows a computer to learn a lot from
data. Accordingly, machines that are more intelligent will be discovered
in the future. Those machines will be able to operate more intelligently in
disciplines such as aerospace and medicine.
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5.1 INTRODUCTION: DIGITAL MARKETING

Smith (2007) described digital marketing as “the use of digital technologies
to create an integrated, targeted and measurable communication which
helps to acquire and retain customers while building deeper relationships
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with them”. This shows technology is used as a channel or platform for
serving digital or e-marketing activities and positioning, measuring, and
crafting the related actions.

Digital marketing is connected to several identical ideas. Probably,
the premature idea, direct marketing, connects to digital marketing. It
appears as a shift toward measurable and targeted communications, e.g.,
e-mail, on target groups or specific individuals. Wymbs (2011) details that
a key aspect of it is the economical application of databases, which alters
campaigners to aim buyers focused on their personal behaviours and
characteristics as well as to record responses. As databases were mostly
digitized, it can be treated as an initial form of digital marketing. While
direct marketing was concentrated on unidirectional communication
messages, interactive marketing was aimed with the focus on bidirectional
and cross-platform conversations (Zahay, 2014). The vital use of databases
remained a key component of interactive marketing, but novel platforms
came out for transmitting interactive information exchanges. This trans-
lated to the idea of diverse platform marketing, and due to the application
of internet raised in prominence, the emphasis on interactive marketing
augmented to involve marketing in digital communications (Blasco-Arcas
etal., 2014).

At present, digital marketing is rapidly substituted by interactive mar-
keting. Zahay (2014) describes components such as the advancement of
conversations and the usage of databases are added to digital marketing.
Nevertheless, digital marketing facilitates conversations and increases par-
ticipation, as the consumer has, to an extent, the balance of conversation
via social platforms and retracted the buying option by online surveying
prior approaching to a sales representative in the brick-and-mortar store
or in a B2B sales (Akgiin et al.,, 2014). In a nutshell, the change to digital
marketing from interactive marketing indicates the journey towards one-
to-many and many-to-many communications, which are rapidly started
off by customers rather than firms.

Chaudhary et al. (2021) in their research used the predictive data ana-
lytics technique for understanding consumer behaviour in social media.
They have also analysed consumer perception and attitude towards social
media marketing. Also, back casting from the digital marketing goals has
equally gained momentum with expanding research on cloud database
and its interfaces (Alam et al., 2013a). Many factors influence the cred-
ibility and accountability of digital marketing including data management
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(Shakil & Alam, 2014), security issues in cloud computing (Alam & Alam,
2013), etc. Digital marketing is an umbrella for interdisciplinary research
owing to its complex intersection of web analytics, database, and appli-
cations. Modelling or structuring the cloud data is realized by the level
of complexity, consumer needs for the application, and marketing out-
comes. For example, Shakil et al. (2015) have developed a unique cloud-
based system model for handling university-level data;, on the other hand,
Alam et al. (2013) have developed a five-layer architecture database model
that can be applied to a range of digital marketing platforms by chang-
ing the model parameters according to the digital applications. On the
other hand, the neural network-based hybrid model developed by Raza
and Alam (2016) has the faster computation of web analytics.

Digital marketing carters to consumer needs more effectively through
various web analytics data such as frequently purchased products, associ-
ated products, consumer ratings, etc. Comparative analysis of customer
happiness towards Amazon and Flipkart demonstrated that web analyt-
ics data features have increased client contentment (Chaudhary & Kumar
2016). The emotional inclination of E-buyers has even greater weightage to
the success of digital marketing. Products that are accompanied by a social
cause or message are more likely to instigate the emotional response of the
consumers (Chaudhary, 2018). Though digital marketing has increased
fourfold in its statistics with respect to its usage and demand owing to
its abundant consumer-friendly features, it is however faced with greater
challenges with respect to consumer protection (Chaudhary et al., 2021)
as compared to nondigital platforms. Consumer protection is not just lim-
ited to delivering quality products but also there is a greater need for the
protection of consumer information. Shakil et al. (2020) have developed
a biometric authentication system provided for health care data, while
Kumar et al. (2018) have developed a probabilistic encryption system serv-
ing the purpose of consumer protection.

The digital marketing infrastructure and features can be enhanced
through efficient data analytics systems that can employ different metrics
for digital marketing based on the applications. For example, knowledge-
based information systems (Kaur & Alam, 2013) emphasize knowledge
engineering as an analytics metric, while monitoring-based performance
improvement systems use decision matrix (Alam et al., 2013b). On the
other hand, metrics from social media communication platforms also
have an essential role in conceptualizing frameworks for web analytics and
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digital marketing. The consumer database analytics from various digital
social platforms provide the trends in the range of consumers’ needs and
demands. For example, Khan et al. (2018) have developed a unique frame-
work for Twitter Data Analysis, wherein consumer needs and require-
ments have been extracted from their social media communication.

Other ideas associated with digital marketing include e-marketing. By
accepting these, ideas are commonly used interchangeably with digital
marketing, few differences can be identified. Initially, the phrase inter-
net marketing means only internet. Digital marketing on the other hand
is a collection of software that includes mobile apps, MMSs, SMSs, and
databases that can be accessed without the use of the internet. Electronic
marketing is similar to digital marketing in that it is linked to electronic
communication (Chaffey and Smith, 2017).

The phrase “digital marketing” is derived from its wide conceptualiza-
tion that comprises planning, implementation, tracking, and measuring
of marketing with the help of technological applications.

The phrase “digital marketing” has been more popular during the last
several years. Google searches for phrases like “interactive marketing”
and “internet marketing” outnumber searches for terms like “e-marketing”
and “digital marketing.” It claims that the term’s popularity has progres-
sively risen over the years, and this demonstrates that the terminology
shift toward digital marketing has occurred.

5.2 EVOLVING COMMUNICATION PATTERNS

The analysis regarding the evolving communication environment has
progressed with the rise of social media channels. In the late1990s, Novak
et al. (2000) envisaged how the information exchange environment would
change into computer-aided worlds, hypermedia, described as a vital and
dynamic disseminated network, possibly worldwide in nature, combined
with related software and hardware for retrieving the network that allows
firms and customers to (1) arrange and collaboratively use the hypertext
format, media collaboration, and (2) exchange communication via the
means, i.e., individual collaboration. Although Novak et al. (2000) did
not apply the phrase social media channel, they had defined the reason
of social media channels and their inferences for specific marketing com-
munications. They defined the change from mass communications, i.e.,
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one-to-many communications, towards parallel communications, many-
to-many communications, in which sellers and buyers deliberately par-
ticipate and engage in conversations via digital media channels. They
emphasized that parallel communication patterns would make mass
marketing communication, e.g., advertising, styles abortive, as the latter
considers that buyers are submissive recipients of information exchanges.
Hoffman and Novak trusted buyers were transforming into dynamic
members in the communication process by sharing and creating content
and ideas in sync with marketers. Also, they estimated that the power par-
ity over the market would move away from traders to buyers, as traders
would not be in a position to command the type of marketing messages
buyers share and consume. The traders would be left only with an option
to adapt to the change by accepting the position of a conversation member
rather than a campaigner.

At present, the revolutionary concepts of Hoffman and Novak (1996)
have come true. Mass communications are less seen and heard, but mass
media campaigning has significantly declined in cost for ad advertising
agencies and firms are rapidly shifting their campaigning budgets from
the conventional to digital media (Malthouse et al, 2018). Moreover, the
impact of direct marketing is into question as it refutes the customer
empowerment paradigm, whereas advertisers are being communicated
to rather than communicating (Winer, 2009). Nevertheless, direct mar-
keting presumed further modern levels in digital or online media, which
allow for behavioural targeting and customization of marketing message,
a change which has been found to accelerate the potency and effectiveness
of direct marketing (Simonson, 2005).

The growth of parallel communications is apparent in the increasing
number of manifestation of choices or opinions linked to brands, services,
products, and companies in online or digital media. These manifesta-
tions are usually referred to as user-generated content (UGC) (Godes &
Mayzlin, 2004), which may include content different from firms or their
offerings (Kietzmann et al., 2011) or electronic word-of-mouth (eWOM).
In the age of digital media, any individual can exchange eWOM in the way
of pictures, videos, and text irrespective of place and time and without
formal acceptance or monetary expense by an institution, e.g., publishing
firms (Hennig-Thurau et al., 2004). This implies consumers have nearly
infinite chances to voice their choices about brand(s), firms, or their prod-
ucts through digital channels, including online communities, discussion
forums, blogs, social networking services, and product review sites.
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In similarity to the traditional word-of-mouth which happens in a
one-to-one or a face-to-face context, eWOM can be exchanged amongst
a worldwide structure of internet users who do not inevitably are famil-
iar with each other (Chevalier & Mayzlin, 2006). Also, for the predict-
able future, eWOM stays in place for individuals seeking data regarding
services and products (Kietzmann et al., 2011). In short, the reach and
volume of word-of-mouth are increased by social media channels as
eWOM receivers and senders have greatly vast choices for consuming
and sharing opinions in relation to conventional word-of-mouth (Duan
et al., 2008). The significance of e-WOM is multiplied by the fact cus-
tomers are curious to voice their feedback regarding products or ser-
vices. For instance, 19% of tweets include a say of a brand, and 20% of
such tweets comprise a manifestation inducing an emotion or response
towards it (Java et al., 2007).

5.3 EVOLVING PURCHASING PATTERNS

A purchasing pattern has been conventionally interpreted as a simple and
linear path in which buyers primarily assume a set of services or products
or brands prior to methodically reducing them below at each step of the
buying process, but this presumption has met with growing counterattack
in the era of digital channels. The novel drive is characterized by a con-
stant spiral in which customers add or remove difficult choices in an itera-
tive manner during the purchasing process, after communicating with
other customers through digital media and reading eWOM. Nonetheless,
customers may reciprocate amongst the buying decision stages in untra-
ditional ways which are hard to predict.

In the need identification or recognition stage, a buyer perceives a prob-
lem or need by an external sign, e.g., an advertisement or an internal sign,
e.g., hunger (Zhou et al., 2013). In digital platforms, external signs can be
stimulated by marketing triggers, e.g., a display advertisement, but addi-
tionally, However, clients may unintentionally come upon E-wom caus-
ing them to become aware of new issue (Babi¢ Rosario et al., 2016). For
instance, a commercial consumer may require the desire to recruit a new
campaigning firm built on a post or suggestion on LinkedIn or Facebook
by a friend. Obviously, for a buying process to fasten, a buyer needs to
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recognize and become conscious of a need, and the rapid increase of
eWOM is guiding such a conscious (Chintagunta et al., 2010).

Buyers are becoming conscious and empowered as online or digital
media rapidly gives them simpler and instant access to data and infor-
mation about different suppliers’ products and other buyers’ reviews and
experiences. The position of eWOM is becoming significant in the com-
mercial sector, as detailed by a Chief Marketing Officer: “We see web based
‘power evangelists’ emerging. Wiersema (2013) opined that people can
have very considerable influence, yet with social media, we have no mes-
sage control. So, we are monitoring chat rooms and blogs, to be aware of
what they say about us”. The growing role of digital media in commercial
customer shopping journeys opens up new opportunities for commercial
marketers. For instance, blogging might be an impressive option to dem-
onstrate proficiency and educate customers on how to benefit from firm’s
services or products. In many-to-many communications, brand commu-
nities are especially suitable where buyers may convey their problems and
concerns with firm’s representative’s offerings and could resolve them
(Jussila et al., 2014). In a perfect situation, buyers who encountered simi-
lar problems may address the concerns of others. Involving and engag-
ing in social networking groups, e.g., Facebook groups and LinkedIn
groups, which are particular to specific themes or industries allow firms
to enhance dialogue between the potential customers and firm, which
might be the best way to find fresh leads (Zarrella, 2009). Online markets
in the commercial context, e.g., Amazon or Alibaba, which exhibit dif-
ferent purchasing and trading firms avail a provided platform or website
is another way to enable transactions and increase sales and acquire cus-
tomers (Huang et al., 2017).

5.4 DIGITAL MARKETING OBJECTIVES
AND STRATEGIC TRENDS

Marketing goals must guide digital marketing strategies, plans, and evalu-
ation criteria. (Krishnamurthy & Wills, 2006). A firm might have strategic
objectives particularly customized to digital marketing, like an increase
in sales leads from online media and website traffic rise; however, the
key targets of marketing usually merge across platforms, and therefore
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digital media clearly provides fresh methods to accomplish them. There
can be various firm-aimed marketing targets, but the final marketing goal
is to kindle net profit and positive cash flow (Ambler & Roberts, 2005).
Marketers can influence profit generation by yielding an equal amount
of earnings with reduced costs or increasing sales revenue. The former is
succeeded in the domain by, for example, improving the efficiency and
effectiveness of interchanges in terms of transactions and communica-
tions (Siamagka et al, 2015). In terms of expanding sales in the commer-
cial scenario, digital marketing can be deployed to generate vital buyers
to a firm’s online site and translate into new sales opportunities (Hong,
2007). Moreover, commercial firms use this marketing for cross-selling
and upselling purposes, like pushing a fresh variant of a product or pro-
viding customer service via electronic mail. As the sales effect of market-
ing is hard to measure precisely, marketers use transitional goals which
are considered as signals of future sales revenue.

Customer relationship goals, such as increasing customer satisfaction
and loyalty, and branding goals, such as increasing brand recognition and
improving brand value, are two types of transitional goals. Commercial
firms go after branding goals in digital channels by focusing on buyers
with brand sensitivity. Digital media strategy involves the means and
methods by which goals are accomplished (Shuliang & Zheng, 2010). In
a different way, while goals define where a firm wants to position itself,
the strategy communicates how it gets to that position (Chaffey & Smith,
2017). It is debatable if firms must have targeted digital marketing goals
and strategies, or if it must ideally be considered as a toolkit to accomplish
overall promotion objectives. In any instance, digital or online promotion
goals and strategies should be precisely related to overall business goals
and strategies (Wind, 2006) as promotion plays a key role in imparting the
rewarding execution of a firm’s strategies (Olson et al., 2005).

Research proves that positioning a firm’s promotion goals with its busi-
ness goals delivers enhanced performance in terms of market performance
and profitability (Slater & Olson, 2001). As a consequence, a promotion
plan that promotes the preferred marketing tactic should be firm related.
Due to the obvious firm-specific nature of digital marketing techniques,
there is a wealth of compact systemic data on which types of digital
marketing strategies are superior to others in specific industrial segments.
Nevertheless, digitalization has yielded fresh strategic patterns in market-
ing due to transformation in purchasing behaviours, news consumption,
and communications patterns. Particularly, three strategic developments
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have arisen in commercial marketing due to progress in digital media:
(1) customization of marketing communications, (2) content marketing,
and (3) data-driven marketing.

5.5 CUSTOMIZATION OF MARKETING
CHANNELS OF COMMUNICATION

Customization of marketing channels of communication is affiliated to
content marketing which means delivering appropriate content to the
target audience at the right instance requires customization or person-
alization. The main theme of customization is to look at each person as a
distinctive person with individual needs and to assist with personalized
solutions; this perspective is affirmed to result in expanded sales earnings
(Tam & Ho, 2006). Customization means adapting the components of the
marketing mix for affinity at an individual or independent level (Arora
et al,, 2008). As a result, customization includes improvements to costs,
goods, and distribution networks, but the focus is on campaigning contact
channels. Customization and personalization are also used interchange-
ably, but the difference is that customization is triggered by the marketer,
while personalization is triggered by the consumer (Arora et al., 2008). To
be able to customize marketing communication channels, campaigners
need to discover the consumer’s specific interests and terms in preferences
of the categories of content which the consumer is interested to accept and
various individual-targeted characteristics (Wright et al, 2006).

According to Jarvinen and Karjaluoto (2015), getting to learn about
the consumer can be categorized into passive and active kinds of learn-
ing. Passive learning comprises drawing conclusions about the consumer
depending on previous transactions and other behaviours, while active
learning means asking direct questions to the consumer. Although cus-
tomization methods forerun the evolution of the internet, social platforms
transformed the trader’s capacity to estimate consumer needs (White
et al., 2008). Hence, the strategic shift toward customization of market-
ing campaigns has escalated in the past few years. In specific, the ways for
unassertive learning have progressed notably.

In a physical environment, the traders’ competence to deduce inferences
concerning consumer behaviour has been restricted to purchase transac-
tion, i.e., the number of times a product has been purchased, purchases
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location, and categories of products bought. In the digital world, click-
stream information and data are applied to archive each action performed
by a consumer in a firm’s held social platform, which facilitates market-
ers to know about interest levels of a person prior to the buying conclu-
sion happens (McAfee & Brynjolfsson, 2012). As a result, this collection of
behavioural data could be used to optimize web content, such as placing
content on a network website that is suited to the specifications of the cus-
tomer. The strength to collate an affluent behavioural data through digital
or social channels is a magnificent chance for traders in terms of targeting
and customization. Research proves the application of behavioural data,
i.e., purchase transactions, to aim marketing communication guides to
increasingly greater profits in contrast to the application of demographical
data (Reinartz et al., 2004). Of late, it has been exhibited how clickstream,
i.e., behavioural, information can be applied to spot consumers who are
more willing to go for shopping quickly in their buying process. Paying
attention to these consumers via customized communications is expected
to grow the prospect that they will end up making a purchase.

5.6 CONTENT MARKETING

Content marketing is defined as an internal marketing technique or a pull
method that focuses to attract buyers previously enquiring for specific
information pertaining to a firm’s catalogue by giving effective content
aimed at their targeted needs (Karjaluoto et al., 2015). It includes a vital
approach other than a set of practices as it demands an ethnic shift to
helping buyers from traders (Rowley, 2008). While the revenue is the ulti-
mate objective, it is achieved through assisting customers rather than by
aggressive marketing and selling efforts. As a result, content marketing
is a response to concerns about utilizing the least rigid marketing styles
possible (White et al., 2008). Although it can use content in conventional
forms, e.g., brochures and magazines, the digital world has familiarized
the phrase content marketing that for different resources refers solely
to content in digital patterns (Handley& Chapman 2010). According to
Chaffey (2017), the utmost used digital pattern forms include e-books,
videos, pictures, podcasts, animations, white papers, blog texts, info-
graphics, webinars, and social media posts. Trainor et al.,2014) proposed
that effective content marketing requires an understanding of analytics
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and the development of a large database that can be used to target and
influence content delivery.

I
5.7 DATA-DRIVEN MARKETING AND DIGITAL MEDIA

Consumer data is becoming more available thanks to digital media, which
has contributed to the development of a strategic approach to data-driven
marketing (Royle & Laing, 2014). Lariviere et al.,, 2013) defined data-
driven marketing as the use of data to update and enhance the execution
of promotional activities. The data-driven method can be appreciated as
a sign from what do I prefer? toward what do I need? (Rowley, 2008). The
approach is based on the use of consumer databases and has roots in both
direct and digital marketing (Alba et al., 1997). Customer relationship
management (CRM) has become a vital data-driven marketing preference
along with the use of customer databases (Garrido-Moreno et al., 2014).
In fact, various accepted meanings of CRM highlight using technology
in a strategic way and data as the prime component of leading consumer
relationships (Reinartz et al., 2004).

Customer database and CRM are important components of marketing-
based data; however, the number, frequency, reach, and variety of buyer-
related data that can be collected and analysed in real time have increased
thanks to web analytics tools. The amount of time it takes to recover
data has enticed marketing people to conduct swift checks and analyse
their assumptions; data-driven marketers recognize their limitations in
estimating the outcome of marketing campaigns and therefore use data
and tests to validate their novel concepts (Rowley, 2008). The evaluation
can be used to evaluate the efficacy of various promotional activities, as
well as positioning eligibility, marketing delivery methods, and pattern
format. An example of the second is given in a study by Chandon et al.
(2009). Kumar et al. (2018) investigated the impact of weblink positioning
on email leaflets on the rate of click and found that weblinks positioned
towards the left of email leaflets are highly worthwhile in leading rate of
clicks, on a website.

The shift towards marketing based on data and the larger use of analyt-
ics is forced by a severe force from senior leadership (Wamba et al., 2015)
and is enhanced if the organization is more triumphant with analytics
(Kiron et al., 2014). This result implies once leaders appreciate the rewards
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of the data-driven method; they will persuade marketing campaigners to
become efficient and competent with analytics and tools. Executive pres-
sure towards data-driven marketing is backed by experimental findings,
highlighting that the application of customer or marketing analytics is
associated with escalated firm performance regarding growth, profit, sales,
and payoft (, Verhoef & Leeflang, 2009) ). Several studies have detailed that
high-performing organizations often use analytics five to six times better
when compared to least performers (Wamba et al., 2015); also, the appli-
cation of analytics is a prime origin of competitive advantage by the most
(61%) of leaders (Akter,et al., 2016; Ransbotham et al., 2015)

Analytics and databases facilitate firms to generate data-driven mar-
keting goals and strategies with the help of the data of each customer
(Vargo & Lusch, 2011; Hausman et al.,, 2006). The buyer-associated data
is assumed to be specifically beneficial in the commercial marketing mix
in which a firm’s long-term association with its buyers is vital for continu-
ing successful operations (Barac et al., 2017). The efficient and potent use
of buyer-related data is further treated as a necessity for triumphing in a
rapidly repute management method called as customer experience man-
agement, which means analysing and managing customer manifestations
or experiences through a series of interactions starting from prebuying to
postbuying situations (Lemon & Verhoef, 2016)

I
5.8 WEB ANALYTICS

Web analytics is the root of the concepts of digital analytics. It is “mea-
surement, collection, analysis and reporting of Internet data for the pur-
poses of understanding and optimizing Web usage” (Kaushik, 2009). Web
analytics experts like Kaushik (2009) describe the concept as “the analysis
of qualitative and quantitative data from your website and the competi-
tion to drive a continuous improvement of the online experience that your
customers and potential customers have, which translates to the desired
outcomes” in keeping with this description (both online and offline).”
Web analytics serves as a broad terminology for measuring, collecting,
analysing, reporting, and maximizing online data for firm’s transactions.
In the past years, the usage of this term got significantly countered because
of its intense relation with website analytics, which does not acceptably
consider other online tools, e.g., mobile applications, search browsers, and
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social media (Jarvinen, & Karjaluoto, 2015). Therefore, digital analytics
has slowly replaced web analytics as to the comprehensive term as the for-
mer comprises the collation and usage of data from all online or digital
media. For instance, in 2012, the web analytics association rechristened
itself to the digital analytics. Nonetheless, it remains a prime toolkit of
digital analytics. The other similarly related phrase is marketing analyt-
ics which implies a technology-driven approach to harvest market and
customer data to fasten decision making (Verhoef et al., 2016). Going with
this, digital analytics and marketing analytics may be treated as substi-
tutes as both involve technology-driven approaches aimed to enhance and
easy marketing decisions deploying data. The main contrast is digital ana-
lytics prime focus is on behavioural data extracted from online or digital
media.

5.9 TECHNIQUES FOR DIGITAL MARKETING

The digital world has produced new possibilities for firms to achieve pro-
moting objectives and actualize techniques via different exercises. Firms
exhaust a mean of 10.2% of their yearly income on advertising exer-
cises, and very nearly one-fourth of their last promoting cost is spent on
advanced showcasing exercises (Gartner, 2014). As the ideation, arrang-
ing, and usage of digital advertising exercises require assets, it is generally
hard to anticipate promoting use decisively. This is clear in the space of
digitized advertising, where most exercises don’t interpret financial specu-
lations, so cost is distinguished by the length spent on the exercises, for
example, a discussion through web-based media or composing a post.
The spread of digital channels sets up the subject of which systems firms
should choose. While concurring the choice of procedures is guided by
advertising objectives, the most broadly utilized digital marketing chan-
nels are by and by messages, sites, informal communication administra-
tions, and bulletins (Leeflang et al., 2014). Aside from the firm site, which
is required for practically a wide range of firms, there are huge contrasts
between firms with respect to the usage of digital marketing procedures.
According to the State of Digital Marketing report (Webmarketing123,
2015), email campaigning is the overwhelmingly utilized stunt for
mechanical firms while focusing on means of SNSs is the broadly uti-
lized customer marketing tactic. Facebook, inside SNSs, is noted as the
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indispensable social stage by B2C firms, while LinkedIn is the primary
stage for commercial firms.

The fluctuating utilization of formats proposes the apparent viability of
focused digital advertising campaigns shifts amongst B2C and mechani-
cal firms. Regardless, a couple of studies have announced the viability of
computerized focusing on strategies for conveying deals in B2C conditions
(Danaher & Dagger, 2013; Spilker-Attig & Brettel, 2010). Additionally,
the outcomes differed relying upon the case firm under investigation,
which propose that the general viability of digital aimed strategies is
firm explicit. Furthermore, digital marketing techniques are considered
to have spill over effects, in which a buyer’s openness to one marketing
strategy influences the adequacy of openings to other marketing strate-
gies (Verhoef et al., 2016) and Li and Kannan (2014). For example, Kumar
et al. (2016) discovered a firm-created content in social channels produces
synergistic results with email promoting and TV publicizing. Such sort
of impacts trap association’s endeavours in estimating the adequacy of a
targeted digital marketing strategy.

Generally, it is difficult to explore which marketing strategies are great
as adequacy is dependent upon different factors, for example, target group,
marketing objectives, and the nature of marketing content. Hence, each
firm should test and gauge the presentation of digital campaigning against
the firm explicit destinations (Verhoef & Leeflang, 2009), which can be
aided by digital analytics tools.

5.10 WEB ANALYTICS TOOLS

Perhaps the earliest advancement called as web analytics that arose as a new
methodology for following client conduct on sites. I/PRO Corp, the first
vendor, was officially floated in 1994 and was immediately trailed by various
others (Jarvinen & Karjaluoto, 2015). When Google Analytics was launched
in 2005, it had already become a popular method for tracking visitor behav-
iour on websites, and it is still the most widely used digital analytic tool
today. Further to the rise of web analytics, the amount and assortment of
tools have detonated. Existence of marketing campaigning tools to custom-
ize advertising content and overseeing prospective customer testing devices
to lead digital examinations, e.g., Apptimize, checking tools to follow online
news and conversations, e.g., Cision, text mining tool to extricate data from
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text sources, e.g., RapidMiner, site review instruments to get client criticism,
e.g., SurveyMonkey, online boards to acquire a comprehension of target
crowd conduct on Web, e.g., Adobe Analytics, and online insight tools to
measure contender execution, e.g., Synthesio.

Few digital analytics tools are custom-made for a particular stage, e.g.,
Facebook examination, while the rest are intended for a specific strat-
egy or action. In the area of search advertising, for example, tools are
accessible for examining catchphrases, distinguishing search rankings,
encouraging third-party referencing, and slithering and reviewing the site
to discover issues applicable to site design improvement. In contrast to
traditional marketing analytics, which has provided information on cus-
tomers’ inaccessible partnerships and profiles, e.g. segment data, digital
analytics provides additional information by incorporating customers’
digital footprints. (Germann et al., 2013; Hauser, 2007).

To expound, there are numerous components that have composed
digital analytics strikingly ground breaking from the advertisers’ point
of view. To begin with, digital analytics offers significantly more definite
information on client conduct as the clickstream information records all
the activities attempted by clients in an advanced climate, while conven-
tional showcasing investigation normally catches just the results of con-
duct, like exchanges. Second, although clients’ inclinations and goals can
be peddled through overviews and meetings, digital analytics catches cer-
tified conduct and articulations of assessment in clients’ indigenous habi-
tat. Third, digital analytics tracks the conduct, everything being equal,
and not simply clients, which is gainful as far as client obtaining. Fourth,
the conduct information incorporates locational data that encourages the
conveyance of customized and context-oriented showcasing messages. At
last, the experiences from digital analytics data can be stretched out to dis-
connected settings. For instance, advertisers can audit how disconnected
publicizing builds the quantity of site guests and improves the subsequent
results. As the utilization of cell phones keeps on expanding, offline envi-
ronment and digital environment are becoming more interlaced, which
moreover builds the force of digital analytics.

Web analytics tools are programmes that monitor the identity of visitors
to a website, monitor clients’ route ways dependent on labels, and treats and
present the data in an important structure (Wang et al., 2016; Nakatani &
Chuang, 2011). In practice, it can be utilized for realizing which showcas-
ing channels and tools drive guests to organization sites, the pages visited,
duration spent, and the ensuing after-effects of their visits (e.g., pamphlet
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downloads, contact solicitations, or exchanges). The most significant jus-
tification for using web data is to enhance the customer experience on the
site in order to maximize the business benefits received from site users
(Wilson, 2010). Web analytics can separate visitors into segments or con-
duct sections, but since these tools usually generate total level information
about site visitors, they are constrained in terms of identifying visitors and
tracking their visits over time. Advertisers would only be able to merge
online data with individual data until they have figured out how to do so,
e.g., by means of site logins would they be able to follow communications
with explicit guests for a longer duration and design further, exact mar-
keting activities aimed at them (Jansen, 2006; Phippen et al., 2004).

While web investigation gives quantitative information on clients’ site
conduct, web-based media observing empower firms to mine clients’
appearances of sentiments and encounters identified with the organiza-
tion and its items across digital media (Liu, 2006). Assessment mining
has gotten more doable because of the expanded measure of eWOM (Pang
& Lee, 2008). The ascent of eWOM has made client discourse and con-
versation more perceptible and quantifiable given that the online envi-
ronment permits the assortment of genuine exchange of data between
people (Hennig-Thurau et al., 2004). In fact, web-based media monitoring
catches the volume and valence of eWOM data with respect to explicit
catchphrases (Godes & Mayzlin, 2004). The volume of eWOM shows the
number of notices of the chose keyword(s) in an online environment
inside a predetermined time span (Sponder, 2012). The valence of eWOM
estimates the tone of conversations and shows whether the chosen search
word is referenced in a positive, unbiased, or negative setting (Pang & Lee,
2008). However, social media tools are restricted as far as their capacity to
order the tone of conversations, with one investigation showing a precision
pace of 60% (Liu, 2006). In usage, social media tracking can be utilized for
following the useful and pessimistic buzz about an organization and ana-
lysing what individuals say about it. Moreover, following industry-related
conversations might be a decent methodology for distinguishing client
concerns and new freedoms in the business.

5.10.1 Automating Marketing

Marketing automation depends on comparative analytics methods to
web analytics as it tracks client conduct on sites using treats, logins, IP
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addresses, and personalized joints. Nonetheless, two significant highlights
recognize showcasing web analytics provides marketing automation.
Based on the requirement that customers identify themselves by complet-
ing a website contact form, marketing automation can potentially track
their behaviour over longer periods of time. Second, marketing automa-
tion goes past following client conduct as it very well may be utilized to
customize site components and substance conveyed to a client dependent
on explicit standards set by programming clients (Kantrowitz, 2014). The
goal is to draw in, form, and keep up trust with current and imminent
clients via consequently customizing significant and helpful substances to
meet their necessities (Moncrief & Marshall, 2005). Nevertheless, vendors
such Eloqua and Hubspot guarantee that the tool permits organizations
to enhance and quicken lead capability measures. Given that prospect-
ing and lead capability are the most difficult undertakings of the modern
selling measure (Heimbach et al., 2015), It’s not surprising that encour-
aging marketing automation has piqued the mechanical community’s
interest. To be sure, one of the crucial developments in the commercial
sector, according to Wiersema (2013), is the creative automation of man-
ual activities conducted by advertisers. Wilson (2010) utilized clickstream
information to exhibit how web examination can be utilized for upgrad-
ing mechanical online business site execution as far as diminishing shop-
ping basket surrender. Outstandingly, the two examinations were directed
regarding internet business organizations that had the benefit of having
the option to follow client conduct from starting openness to advertising
action right to the last exchange in correlation; mechanical organizations
portrayed by mind boggling and protracted selling measures are known
to battle in their endeavours to set up a connection between promoting
exercises and deals sway (Webster et al., 2005). In its entirety, digital ana-
lytics empower organizations to follow client conduct in advanced chan-
nels and assess client reactions to promoting improvements. Advertisers
use data tools to determine the success of marketing strategies, ascertain
which methods work better for unique client groups, and boost future
activities. The majority of current data on the use of digital analytics is
based on studies from market research organizations and is, in general,
controlling in nature (Pickton, 2005; Waisberg & Kaushik, 2009). Thus, it
stays indistinct how much firms can utilize digital analytics for estimating
showcasing execution or what decides the business benefits acquired from
digital analytics.
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5.11 IMPLICATIONS

Marketing aficionados should start preparing their use of digital analytics
by identifying digital marketing goals. The objectives should be obviously
defined, quantifiable, and connected to business strategy. When market-
ing executives start with sales-related objective, they are bound to have
the option to show solid advantages to leadership and consequently gain
more assets for building up a more all-encompassing MPM framework.
After defining the goals, the following stage is to choose appropriate mea-
surements and make a significant measurement system. The measurement
system ought to have an unmistakable construction that shows how the
measurements are identified with one another and which there are in any
event two reasonable approaches to structure a measurement structure.

Another option is to divide the measurement scheme into sections based
on the main marketing goal into different stages of the buying process for
clients or different stages of the sale interaction (e.g., traffic age, site con-
duct, deals income, etc.). The issues in the utilization of digital analytics
occur when the measurement framework is set in motion, on the grounds
that an excessive number of associations do not have a deliberate cycle
for overseeing measurement information. They should treat data align-
ment and which tools are utilized for this reason. The determination of
proper devices ought to be guided by what information are required for
the measurements framework; however, it is, for the most part, suggested
that advertisers begin with web analytic devices, Google Analytics, which
offer data about client conduct and coming about results. They are like-
wise simple to utilize and do not need direct financial ventures.

In addition, web analytical tools offer highlights for marketers to
imagine and communicate findings to the management. It’s indeed criti-
cal to report the results to leadership on a regular basis in a meaningful
way and to be able to comprehend the report in a reasonable amount of
time while considering the reports. Presentation or reporting is vital to
conveying the input of marketing to the firm’s execution, which is truly
important for improving the competence of marketing within an orga-
nization and rationalizing an expanded budget and number of assets. At
last, the most key assessment related to the estimation method is to brief
how the data is dissected, processed, and deciphered. Except if the data
is investigated properly, nor can they make rational choices regarding
how to refine it.
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5.12 CONCLUSION

The basis of any optimization effort is web analytics. Its task is to figure
out which digital marketing activities are the most important execution
facilitators and which zones underperform in relation to achieving digital
marketing goals. Producing ideas on how to improve main activities that
are currently struggling to reach standards is a requirement of the ana-
lytical work. The tasks may be related to the option of digital marketing
strategies or their current implementation.
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