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A Letter from the Authors

For leading-edge professors and ambitious students.. ..
The first comprehensive book on Marketing Analytics

The past decade has likely been the most complex, evolving and meaningful period in the emerging
field of data analytics, particularly for marketing. The driving force behind the widespread adoption of
marketing analytics is without a doubt a result of the benefits of these techniques for organizational
decision-making.

Our book, Essentials of Marketing Analytics, is the first comprehensive textbook available to introduce
marketing students to a new and essential competency in a rapidly growing field that, with many
emerging jobs for college graduates, is a required skill to enter the workforce. Throughout our book,
the interviews by marketing analytics experts, leading-edge analytics methodologies, case studies, and
numerous current examples introduce readers to marketing analytics techniques and enable them to
learn how to apply, interpret and communicate analytics results to maximize strategic value.

Engaging Students

To facilitate student engagement with the content, each chapter includes the following:

« A practical introduction to relevant « Diverse interviews with analytics practitioners
analytical methods. from a wide variety of industries reinforce

) the practical aspects of marketing analytics.
- An in-depth coverage of how the primary

analytical models are used by marketers. » Discussion, review and critical thinking
questions are included to support learning

- Adive into the analytical techniques sufficient objectives.
to gain the necessary understanding
for application, interpretation, and ultimately « Connect exercises clarify essential elements
marketing decision making. of the analytical techniques.

- A step-by-step, hands-on case studies with « Videos and applied analytics exercises
screen shots using a variety of analytics tools. enhance the relevance and importance

) ) of the concepits.
« A 7-step marketing analytics process that

students can apply to solve a marketing problem.

3 Learn more or contact your local McGraw-Hill Representative


http://www.mheducation.com/highered/category.10023.html
http://www.mhhe.com/rep

An Overview of the Twelve Chapter Text

Marketing analytics involves a variety of techniques characterized by different levels of maturity,
including descriptive, predictive, prescriptive and Al/Cognitive approaches. Our textbook covers the

primary techniques that fall within each of these levels of maturity and is organized into five sections.

The first section of the book includes two chapters: Chapter 1 Introduction to Marketing Analytics
and Chapter 2 Data Management. These chapters provide an overview that defines and explains
the relevance of marketing analytics and continues by clarifying how to ask the right questions,
define the right business problem, select appropriate data types, specify correct measurements, and
ensure effective data management. Section two also has two chapters — Chapter 3 Exploratory
Data Analysis Using Cognitive Analytics and Chapter 4 Data Visualization. These two chapters fo-
cus on the power of visualization to explore and identify meaningful data patterns. The third section
presents three of the most popular supervised learning methods, using an easily understandable,
applied approach, and includes: Chapter 5 Regression Analysis, Chapter 6 Neural Networks, and
Chapter 7 Automated Machine Learning. Unsupervised learning methods are covered in the fourth
section in Chapter 8 Cluster Analysis and Chapter 9 Market Basket Analysis. These methods are ap-
plied to discover patterns in the data using state of the art tools. Finally, in the fifth section we cover
emerging analytical approaches as described in Chapter 10 Natural Language Processing, Chapter
11 Social Network Analysis, and Chapter 12 Web Analytics.

Thank you for your consideration and hopefully adoption of our Essentials of Marketing Analytics
textbook. We welcome your feedback. For those of you familiar with the widely adopted
methodological books of the lead author, this book continues that successful tradition. Please reach
out to us if you have any questions.

Kind Regards,

Joseph F. Hair, Jr. Dana E. Harrison Haya Ajjan

Mitchell College of Business College of Business and Technology Martha and Spencer Love School of Business
University of South Alabama East Tennessee State University Elon University

jhair@southalabama.edu harrisondl@etsu.edu hajjan@elon.edu

Learn more or contact your local McGraw-Hill Representative
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Preface

We developed this new book with enthusiasm and great optimism. Marketing analytics is an
exciting field to study, and there are numerous emerging opportunities for students at the
undergraduate level, and particularly at the master’s level. We live in a global, highly competi-
tive, rapidly changing world that is increasingly influenced by digital data, expanded analytical
capabilities, information technology, social media, artificial intelligence, and many other
recent developments. We believe this book will become the premier source for new and essen-
tial knowledge in data analytics, particularly for situations related to marketing decision mak-
ing that can benefit from marketing analytics, which is likely 80 percent of all challenges
faced by organizations.

Many of you have been asking us to write this book, and we are confident you will be pleased
it is now available. This first edition of Essentials of Marketing Analytics was written to meet
the needs of you, our customers. The text is concise, highly readable, and value-priced, yet it
delivers the basic knowledge needed for an introductory text on marketing analytics. We pro-
vide you and your students with an exciting, up-to-date text and an extensive supplement pack-
age. In the following sections, we summarize what you will find when you examine—and we
hope, adopt—the first edition of Essentials of Marketing Analytics.

Innovative Features of the Book

The past decade or so has witnessed an explosion in data, particularly digital data—so much
so that we are in what has been named the era of Big Data! The emergence of literally huge
amounts of data has led to the need to develop methods of identifying the underlying pat-
terns in data so they can be used to solve marketing problems. At the same time, marketing
professionals, like others, are quite busy. To solve this problem, software has been developed
that enables marketers to drill down into the large amount of data available, identify relation-
ships, and visually present the results in a manner that creates marketing knowledge.

Our book introduces students to several of the most popular analytics software tools, such as
Tableau and Python. In addition, students will learn social network analysis, web analytics,
automated machine learning, neural networking, cognitive analytics, and natural language
processing. No other book available provides such comprehensive coverage of these topics to
students. As a professor, therefore, you can choose to cover all methods to familiarize your
students with the various analysis possibilities. Or, you can select specific methods and drill
down into a limited number of approaches that are consistent with your course objectives.

The starting point in learning marketing analytics is to understand the marketing problem.
For example, is the ultimate objective of an analytics approach to create awareness through
social media, develop an effective message strategy, persuade customers to purchase your
product or service in a highly competitive market, or overcome a service quality crisis situa-
tion? The second step in the marketing analytics process is becoming familiar with what data
is available and whether the data can be directly used to solve marketing problems. One type,



structured data, can be used directly because the format of the data has a clearly defined
structure and is often made up of numbers stored in rows and columns. Examples include
analyzing the click-through sequence on websites, the time of day or day of the week a pur-
chase was made, and how much was paid for the purchase. The other type of data, unstruc-
tured, cannot be directly analyzed because it includes text, images, video, or sensor data that
does not have a consistent format. Before unstructured data can be used, it is extracted and
categorized so it can be statistically analyzed. For example, online videos, visual images, and
website postings can be coded into numbers or categories before being used with analytical
methods. The challenge of managing different data types is a major obstacle to working with
marketing analytics, because an estimated 80 percent of the emerging data is unstructured.
We discuss the fundamentals of analytics, data management, data exploration and data visual-
ization in applying marketing analytics in Chapters 1 through 4 of this book.

Marketing analytics methods can be categorized into two groups: supervised and unsuper-
vised learning. Supervised learning methods are applied when the available data includes a
target (outcome) variable that is already identified in a historical dataset. For example, a
target variable could be purchase versus non-purchase, or to post on a website or to not post.
When a target variable is available, the objective is often to see if other variables in the data-
set can predict the target variable. In contrast, unsupervised learning does not have an identi-
fied target variable. Thus, the goal of unsupervised learning is to examine the underlying
structure and distribution in the data to discover patterns. The three most popular supervised
learning methods—multiple regression, neural networks, and Automated Machine Learning—
are explained in Chapters 5, 6, and 7. Moreover, to enhance student analytical skills, case
studies for each of these chapters enable students to complete an exercise using all three of
these methods with real-world data.

Unsupervised learning methods are covered in Chapters 8 and 9. These methods are applied
to explore relationships that may exist when no target variable is available and patterns in the
data are unknown. Cluster analysis, for example, works by learning the underlying structure
of the data to identify distinct groups in the dataset. In contrast, market basket analysis dis-
covers associations among items in a “shopping basket.” These associations can help compa-
nies develop marketing strategies by gaining insights into which items are frequently
purchased together by customers.

The final three chapters are devoted to emerging analytical methods. They include natural
language processing, social network analysis, and web analytics. Chapter 10 provides an over-
view of two increasingly popular analytical methods being used in marketing—topic modeling
and sentiment analysis. The implementation of methods like topic modeling and Vader Senti-
ment are explained in a step-by-step approach. Social network analysis, covered in Chapter 11,
identifies relationships, influencers, information dissemination patterns, and behaviors among
connections in a network. One approach to social network analysis, Polinode, analyzes the
web of connections that link people to one another, presents the results visually, and can
identify influencers on social media sites. Finally, in Chapter 12, we cover the latest develop-
ments in web analytics and introduce a retailer website analysis example using the Google
Analytics platform.

As part of the “applied” emphasis of our text, Essentials of Marketing Analytics has three peda-
gogical features that are very helpful to students’ practical understanding of the topics. One is
the Practitioner Corner that features an industry expert who has applied the method explained
in that chapter. The practitioner summarizes an applied example using the method and also
poses questions for discussion. Thus, students can truly see how marketing analytics is being
used to improve decision making. A second pedagogical feature are chapter case studies.



viii

Students gain hands-on experience with step-by-step case studies using datasets representing a
variety of marketing scenarios. A third pedagogical feature is the variety of analytical software
introduced in the book to familiarize the students with the marketing analyst’s toolbox.

As noted earlier, analytics is rapidly changing the face of marketing, and the authors have expe-
rience with, and a strong interest in, the issues associated with data analysis. Other texts on
marketing analytics—and there are very few—have limited coverage of the field of analytics. In
contrast, our text has extensive coverage of all the most important analytical methods available.

Pedagogy

Many marketing analytics texts are readable. An important question, however, is whether or
not students can comprehend the topics they are reading about. This book offers a wealth of
pedagogical features, all aimed at enhancing students’ comprehension of the material. In addi-
tion—and probably most importantly—the authors are not only knowledgeable about the field
but also experienced in writing at a level that can easily be understood by students. Our past
textbook publishing success is clearly evident in this book and the case studies for all
methods using real datasets.

The following is a list of the major pedagogical elements in this book:

Learning Objectives. Each chapter begins with a clear set of Learning Objectives that
students can use to assess their expectations for and understanding of the chapter, in view
of the nature and importance of the chapter material.

Practitioner Corner. Each chapter includes an interesting, relevant example of a real-world
business situation that illustrates the focus and significance of the chapter material. For
example, Chapter 6 features insights on neural network analysis from Stephen Brobst, the
Chief Technology Officer at Teradata Corporation. In Chapter 7, Elpida Ormanidou, the VP
of Advanced Analytics and Insights at Starbucks, shares lessons learned from the use of
Automated Machine Learning in her work.

Key Terms and Concepts. These are boldfaced in the text, listed at the end of the
chapters, and included in the comprehensive Glossary at the end of the book.

Chapter Summaries. The detailed chapter Summaries are organized by the Learning
Objectives presented at the beginning of the chapters. This approach to organizing summaries
helps students to remember the key facts, concepts, and applications. The Summaries serve
as an excellent study guide to prepare for in-class exercises and for exams.

Discussion and Review Questions. The Discussion and Review Questions are carefully
designed to enhance the learning process and to encourage application of the concepts
learned in the chapter to actual marketing decision-making situations. There are five or six
questions in each chapter directly related to clarifying the understanding of concepts and
methods introduced in the chapters, and particularly to apply them to solve practical
marketing and customer behavior problems. Finally, the questions provide students with
opportunities to enhance their marketing analytics applications and interpretative skills,

and to explore how their knowledge of analytics can enhance their career success.

Critical Thinking and Marketing Applications. The critical thinking and marketing
applications exercises are carefully designed to enhance the self-learning process and to
encourage application of the concepts learned in the chapters to real business decision-
making situations. There are two or three questions in each chapter directly related to the
analytical methods and designed to provide students with opportunities to enhance their
analytical and interpretative skills.



Supplements

An extensive and rich ancillary package accompanies the text. The following is a brief
description of materials in the Connect Instructor Resources:

Instructor’s Resources. Specially prepared Instructor’s Manual and electronic Test
Bank and PowerPoint slide presentations provide an easy transition for instructors
teaching with the book the first time. In addition, there are many other support
materials to build upon the notes and teaching enhancement materials available. Finally,
a wealth of extra student projects, real-life examples, and datasets are available as
additional classroom resources.

Datasets. Ten datasets are available, which can be used to solve the case studies in the

chapters.

An additional resource available for use with the text is described next:

Analytical Software. Many software providers offer academic licenses at low or
no-cost for faculty and students. The analytical software used in the textbook provides
a real-life experience for students in identifying and understanding relationships in data.
These powerful software tools enable students to apply many of the tools they will
need to know when searching for jobs.
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11 Introduction to Marketing Analytics

A primary responsibility of marketing is to properly manage the wants and needs of
customers. This can be accomplished through strategic decisions about products,
pricing, distribution, and communications that are based on insights from marketing
analytics. This chapter will introduce you to the exciting possibilities of marketing
analytics, which companies are increasingly using to satisfy customers and maintain a
competitive advantage.

Have you ever wondered how Hotels.com, Spotify, or Stitch Fix obtain and provide the
information customers want so fast? As examples, consider the three situations below:

* How does Expedia, Orbitz, or Hotels.com determine the price to quote when you are
shopping for a hotel room? Prices of hotel rooms are frequently updated based on
demand, seasonality, day of the week, time of the day, and even the type of
technology being used to find accommodations. For instance, Orbitz Worldwide Inc.
knows that Mac computer users spend as much as 30 percent more a night on
hotels, so Orbitz shows its Mac customers different travel options, and sometimes
even more expensive rooms than Windows users.

* How does Spotify know what songs to suggest for you? From user-generated playlists,
listener preferences, and advanced data analytics, Spotify, an audio streaming
platform, can build collections of music their listeners enjoy and help users find
their new favorite music.’

* How does Stitch Fix achieve the highest-ever rate of purchased items per “Fix” for its
female customers? Stitch Fix is only 7 years old and in 2018, it generated $1.2 billion
in sales. Their stylists work closely with the analytics algorithm suggestions, and then
match results with the customer’s style. Over time, the analytics algorithm learns
and continuously becomes more accurate when making clothing suggestions,
stocking decisions, packing at the warehouse, and shipping.3

In the rest of this chapter, we describe and explain an analytics framework, the relevant
marketing analytics concepts, and industry best practices. Building on this foundation,
you will continue to work through practical exercises and develop the mindset of a
marketing analyst.

Marketing Analytics Defined

Marketing analytics uses data, statistics, mathematics, and technology to solve
marketing business problems. It involves modeling and software to drive marketing
decision making. Not long ago, marketing analytics was a highly specialized field for
individuals who had in-depth knowledge of mathematical modeling, computer
programming, and specialized software packages. Today, however, the availability of
large amounts of data, improvements in analytics techniques, substantial increases in
computer processing power, and affordability have made marketing analytics more
practical and available to a much larger audience. To survive, companies increasingly
need to differentiate products and services, optimize processes, and understand the
drivers for business performance, and marketing analytics can help them to do that.

Marketing analytics is one of the fastest growing fields of analytics applications. This
growth can be attributed to the increase in user-generated data from social media (e.g.,
Instagram, Facebook, Twitter), mobile applications (e.g., weather, text, maps), and
multiple search and shopping channels now accessible by customers (e.g., phone,
in-store, online). Marketers can use insights from analytics to increase company
performance through various marketing capabilities such as pricing, product
development, channel management, marketing communications, and selling. Restaurants
are even beginning to apply marketing analytics to optimize the selection of new
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locations. For example, the restaurant chain Roy Rogers Franchise Co. uses advanced
analytics to expand into new markets, determine their next site locations, and forecast
sales.* Their machine learning platform integrates internal and external data to ensure
restaurant locations match the needs and wants of the geographical area. Internal data
such as the current location of stores, sales, and competitor locations are integrated
with external data such as demographics, traffic near the store, and social media
activity (e.g., geo-tagged posts) to gain a more holistic view of the site potential.

Marketing analytics is increasingly being applied in numerous industries and functional
departments, and the impact and benefits are evident. Exhibit 1-1 compares the interest
in marketing analytics to analytics use in other business functions. Results are measured
based on the search volume for the word “Marketing Analytics” using Google Trends
from 2004 to 2020 (estimated). The search for marketing analytics has been
consistently higher than other fields, with financial analytics, HR analytics, and supply
chain analytics being much lower.

Exhibit 1-1 Google Search Trends for the Terms Marketing Analytics, Supply
Chain Analytics, Financial Analytics, and HR Analytics (2020 estimated)

Search Interest (Indexed, Quarterly Average)

Measure Names
B HR analytics: (United States) [ | Supply chain analytics: (United States)
M Financial Analytics: (United States) I Marketing analytics: (United States)

110

100 — =

T T T T T T T
2004 2006 2008 2010 2012 2014 2016

Source: Google Trends.

A large amount of marketing data exists, which explains the interest in learning more
about the area. A lack of marketing analytics skills, however, has left many companies
in a situation described as “data rich but information poor.” Until recently, many
organizations were making decisions based upon intuition or opinion versus data-driven
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knowledge. Data analytics techniques provide an excellent opportunity to bridge the gap
between information and insights.

As technology continues to improve and dominate innovative processes, analytics will
become a ubiquitous part of everything we do. To prepare you for this, we explain how
to creatively approach a problem, comprehend the essence of communication and
collaboration, understand key elements of project management, and complete a
successful project. These skills are the most critical in the age of data analytics.

Analytics Levels and Their Impact on Competitive
Advantage

Analytics involves techniques as simple as descriptive statistics and visualization, as well as
more advanced predictive modeling, prescriptive, and newly emerging artificial intelligence
(AI) and cognitive analytics. As organizations adopt more advanced techniques (i.e.,
predictive, prescriptive, and Al methods), higher data management and analysis maturity
are required to achieve a competitive advantage, as depicted in Exhibit 1-2.

Exhibit 1-2 The Competitive Advantage of Marketing Analytics

Al/Cognitive

Data Pattern Discovery
Image Recognition
Text Recognition

Prescriptive

Optimization Modeling
Decision Analysis

Predictive

Forecasting
Predictive Modeling
Association Rules
Cluster Analysis

Descriptive

Descriptive Statistics
Data Visualization
Data Query

Competitive Advantage

v

Data Management Maturity

Source: Adapted from SAS.

Descriptive analytics are a set of techniques used to explain or quantify the past. Several
examples of descriptive analytics include: data queries, visual reports, and descriptive
statistics (e.g., mean, mode, median, variance, standard deviation). This type of information
is essential to summarize questions related to how many and how often situations occur.
For example, how many customers use a mobile app each day, and how often do they visit
a website within the same month? Customer needs and motivations are not always
understood, but these fundamental insights provide a foundation for marketers to explore
what is fueling the behavior. Descriptive analysis can be especially helpful when marketers
collect data from a survey. Retailers such as Dick’s Sporting Goods and Dunkin’ survey
customers in return for a coupon code or free product following a recent experience. The
survey questions focus on capturing whether customers feel stores maintained correct levels
of stock or were satisfied with the purchase experience. Overall averages and trends
resulting from this technique can be beneficial in reinforcing existing practices and
determining how the company might improve the customer’s experience moving forward.

1.1 Introduction to Marketing Analytics




6

Predictive analytics is used to build models based on the past to explain the future.
Mathematical models examine historical data to predict new values, needs, and
opportunities. For example, historical customer sales data can be used to predict future
sales. You might recall when Target predicted a teen girl was pregnant before her father
was aware.” How does this happen? Target Corporation collected data from customer
purchases and used predictive modeling to classify customers as “pregnant” or “not
pregnant.” Customers identified as pregnant based on their purchases were then sent sales
promotions for early pregnancy to capitalize on a significant revenue stream. Zillow, an
online real estate database and analytics platform, also develops predictive models from
publicly available city housing data. Zillow predicts a “Zestimate” or value for every home
based on over 100 predictors for each of the 100 million homes in its database.’

Prescriptive analytics identifies the best optimal course of action or decision. Consider,
for example, how UPS efficiently maps drivers through a city using optimized routes that
reduce the number of left turns, or how airlines maintain productivity, reduce costs,

and increase customer satisfaction by optimizing flight and crew scheduling. Price
optimization, also a growing e-commerce practice, is used by Amazon to develop pricing
strategies and remain competitive in the retail industry. In fact, the company has
reported changing prices more than 2.5 million times a day’ to influence customer
behavior and maximize revenue. Kellogg Company is the world’s leading cereal company
and second-largest producer of cookies in the world, with annual revenues exceeding

$14 billion. In the cereal business alone, Kellogg Company has more than 90 production
lines and 180 packaging lines. This requires tremendous coordination to meet customers’
demand at a low cost. Kellogg uses optimization models to forecast sales and determine
what should be produced and shipped on a daily basis. The company also uses
optimization modeling to improve supply chain infrastructure. To do this, Kellogg must
identify the number and location of plants to produce the required level of production
that minimizes excess capacity and provides the inventory to meet customer demand.
Using this modeling, Kellogg estimates a savings of over $475 million a year.8

Artificial intelligence (AI) and cognitive analytics are designed to mimic human-like
intelligence for certain tasks, such as discovering patterns in data, recognizing objects
from an image, understanding the meaning of text, and processing voice commands.
Artificial intelligence (AI) and cognitive analytics use machine learning to understand
new data and patterns that have never been identified. Machine learning is a statistical
method of learning that can be trained without human intervention to understand and
identify relationships between previously established variables. This method produces
tasks that are often beyond the reach of a human. The techniques “learn” over time by
updating the algorithm as new information becomes available.

Using technology powered by Al, Olay, a Procter & Gamble skincare line, has doubled
its sales conversion rate.” Olay encourages customers to upload personal photos to an
app where it uses image recognition to identify the age of skin and then recommends
specific products. This process can be completed in the convenience and privacy of a
customer’s home on their computer or mobile device, so customers know what they
want before arriving at the store. Mtailor, an online clothing retailer, also uses customer
images to create a customized clothing fit. The customer uses an app that measures

17 different points to develop a personalized fit and recommended size. In fact, Mtailor
claims their method is more accurate than a professional tailor. In the case of Olay and
Mtailor, Al engages the customer to obtain data and then produce personalized
recommendations for products.

Indeed, today’s Al technology enables almost any company to augment or complement
human capabilities in developing customer solutions. Hitachi, a Japanese multinational
conglomerate, is using Al named “H” to discover patterns that typically go undetected
by humans. The H process generates customer solutions and selects the best options to
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Uses, Results.

Theresa Kushner

The Wall Street Journal recently reported
that automotive companies were struggling
with the use of artificial intelligence.”®
Barriers to adoption included “difficulties in
implementation technology, limited data for
algorithmic training, a shortage of talent in
data science, and uncertainty about the
return on investment.” Theresa, from your
perspective, how can companies address
these problems prior to pursuing Al?

To begin with, | think that all traditional
companies are having trouble making the
transition to an environment where Al and
machine learning are applied effortlessly
because they haven’t relooked at their
strategy and made room for this kind of
transformation. For example, an automotive
company obtains over 8 billion records a day
from its automobiles, but what to do with
those records is not always thoughtfully
planned against a strategy. Let’s just assume
that someone in engineering thinks it’'s a
smart idea to track whenever a seat belt is

Theresa Kushner, partner in Business Data Leadership, comes with over

20 years of experience in deploying predictive analytics at IBM, Cisco, VMware,
and Dell. She is an accomplished, Business-Centric Executive and Board Advisor
who understands data and leads companies through transformations in the
midst of rapid technology, regulatory issues, and market disruptions. Theresa
has expertise harnessing data analytics and company and customer information
to lower costs and contribute multi-billion dollar growth for publicly traded,
technology leaders. She has co-authored two books: Managing Your Business
Data from Chaos to Confidence and B2B Data Driven Marketing: Sources,

buckled. That immediately helps with safety
standards and you can get some great data
off that click. However, the remainder of the
engineering staff may be looking at several
other events that could be just as telling about
the safety of the car and driver. Are those
events planned with the seatbelt click or
without considering it at all?

The holistic approach of data management
and how it relates to a strategy is very difficult
for companies like GM or any of the car
manufacturers, because they did not begin
with the end in mind. They are improvising
the use of Al as they go along. All the
problems mentioned—such as difficulties in
implementation, limited data for algorithmic
training, and even the shortage of trained
personnel—can be traced back to a company
not articulating how Al/ML supports their
strategy. If the strategy were there, the
companies had a strategy connected to their
data, and they would have no problem
articulating a return on investment.

Continued to next page

improve operations at call centers, retail sales, financing alternatives, warehouse
management, and similar tasks.'! Applications like “H” can easily automate and
improve customer interactions to increase sales and, ultimately, customer loyalty.

1.2 Defining the Right Business Problems

Marketing analysts face complex challenges in today’s data-intensive and competitive
business environment. They are often confronted with multiple courses of action that
must be completed quickly. Evaluating these alternatives and choosing the best action
forward is at the heart of decision analysis. But one of the most important initial steps
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in the marketing analytics journey is defining the right business problem to pursue.

A successful understanding of business problems requires deep knowledge of the
customers’ journey, from how they search to where they purchase, and how satisfied
they are with products and services. Problem identification helps to uncover strategic
business opportunities. Business initiatives that improve market share, establish a

better relationship with the customer, or position the enterprise to take advantage of
innovation are a few business strategies that can be supported by an analytical approach.

One of the most critical steps in the analytics process is to start with an understanding
of the real business question the data needs to address. Knowing the right business
question leads to smarter decisions that drive impact.

Continued from previous page 7
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What are the greatest challenges facing
analysts when attempting to define the
business problem?

The biggest problem facing analysts when
attempting to define the business problem is
their innate way of thinking. Analysts have a
very structured way of thinking about
problems, but business problems are not
always structured, especially in marketing and
sales, where relationships play a part in the
success of most actions. The challenge
usually begins when the teams are defining
the problem, and it begins at a very basic
level. Ensuring that everyone understands
what needs to happen, how it will happen,
who will be responsible for it happening—
these are key decisions that must be made by
all involved in the analysis before it begins.

What is the impact of inaccurately defining
the business problem prior to undertaking
an analytics project?

I've seen too many “problems” given to
analysts to analyze that weren’t carefully
thought through. For example, a marketing
manager commissions an algorithm to predict
which customers will buy the new product to
be made available next quarter. He doesn’t
tell the analyst how the information will be
used. He just wants a “list.” The analyst
assumes that the “list” will be used with the
inside sales team and develops a ranked list
of customers that might be in the market. But
the marketing manager really wanted a “list”
of potential customers who might be willing to
beta test the new product. The difference
between success and failure of this analytic
project depends on how thoroughly the
problem is discussed and how vetted the
solution is for its applicability to the problem.

Continued to next page

How do you arrive at the right business problem? The process begins by understanding
the intent and business considerations behind the question. Consider you are working

at a retailer that was once the largest in the country, but it recently filed for bankruptcy.
The marketing executive calls you to her office and explains that large investments were
made specifically to develop mobile applications. Unfortunately, visitors are registering
for an account, but then not using it for purchases. The executive asks you to determine
how to entice those first-time users back to the mobile application, because the company
was relying upon this technology to make them competitive again. At this point, is the
underlying business problem evident? A better understanding of the business problem
can be gained through interviews with business stakeholders. Conversations that more
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broadly discuss problems facing the company are likely to uncover more relevant
issues. During your initial conversation with the marketing executive, she explains that
the threat of competition from Amazon, Target, and Walmart continues to rise and
profits are falling. Moreover, the company’s brick-and-mortar locations are outdated,
rely on obsolete technology, and are experiencing declining foot traffic and low levels
of customer satisfaction. It is apparent the company should not limit the investigation
to attracting new customers, and should expand it to encompass how to retain

loyal customers. If you were to proceed with the original project and focus only on
returning visitors to the mobile application, it would mean overlooking important
relationships, and stakeholders would criticize your limited analytics approach. Thus,
marketers must incorporate relevant stakeholder inputs through discovery methods to
collectively understand the business problem and align projects to achieve business
objectives.

MARKETING ANALYTICS EXTRAS

= 1 A good analytics approach must engage stakeholders in determining
!= project requirements. Marketing analysts must seek cooperation from
= appropriate stakeholders in the project outcome. These stakeholders
may include customers, employees, suppliers, and subject matter experts.
Collection of feedback related to the business problem could occur via
interviews, observation, surveys, and brainstorming sessions.

Discovery begins in asking the traditional six discovery questions: What, who, where,
when, why, and how. Exhibit 1-3 provides samples of discovery questions and how they
might be useful when considering the business problem.

Exhibit 1-3 Asking the Right Questions to Identify the Right Business Problem

BUSINESS
CONSIDERATION SAMPLE QUESTION

Context What happened?

What is the current problem we are trying to solve?

What is the potential opportunity?

Why is there an interest in solving this particular problem?
What is the business doing to mitigate or solve the problem?
What efforts have been made in the past?

How has this problem evolved over time?

Impacted unit Where did this problem happen?
What divisions are impacted by this problem?

When did it take place?

Root-cause analysis | What might have caused this?

What do you think continues to drive this problem?

Timeline When do decisions need to be made?

What is the optimal timeline for reaching milestones along the way?

Continued on next page
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Continued from previous page

Stakeholder Who is asking for the analysis?
Who are the executives interested in the results of the analysis?

Who will be impacted by the analysis and subsequent
recommendations?

Who will carry out the analysis?

What financial or emotional interest is involved from stakeholders?
Is it positive or negative?

Expected impact What are the actions to take based on the analysis?
What support will end users have?

What is the anticipated ROI from solving this problem?

What are the ethical implications of the analysis?

Source: Adapted from Tony de Bree, “8 Questions Every Business Analyst Should Ask,” Modern Analyst,
http://www.modernanalyst.com/Resources/Articles/tabid/115/ID/179/8-Questions-EveryBusiness-Analyst-Should-
Ask.aspx; and Piyanka Jain and Puneet Sharma. Behind every good decision: How anyone can use
business analytics to turn data into profitable insight (AMACOM, 2014).

In an effort to define the right business problem, it can be useful to follow the
SMART analytics principles. The SMART principles can be used as a goal-setting
techniquelz. The acronym stands for specific, measurable, attainable, relevant, and
timely (see Exhibit 1-4). First, the project’s goals should be specific and clearly
defined. Second, the project should be trackable and the outcomes measurable. For
example, One SMART analytics goal could be to determine changes to the mobile
application that will most efficiently increase returning visitors by 10 percent on a
quarter-by-quarter basis compared to the same quarter last year. If data related to
returning mobile application visitors is unavailable, it would be necessary to develop
a project to obtain the data. The new goal would reflect the data acquisition and be
stated as follows: “By the end of 6 months after the mobile application data has
been collected, the data will be analyzed to determine the most efficient site changes
to increase returning visitors by 10 percent on a quarter-by-quarter basis compared
to the same quarter last year.” Third, project goals should be reasonable to achieve.
Fourth, the project should solve the analytics problem and align with the business
objectives. Fifth, the project should be completed in a timely manner. Developing
sound goals and objectives allows the analyst to monitor the project’s progress,
ensure it remains on track, gain visibility among stakeholders, and verify that
everyone is on the same page.

Exhibit 1-4 SMART Principles

M | A R

Measurable | Achievable Relevant
The goal should be Progress of the goal The goal should be The goals should solve A timeframe to
clearly defined. should be trackable and reasonable to the analytics problem successfully complete
have a measurable accomplish. and align with business the analytics project
outcome. objectives. should be determined.
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Following the SMART analytics goal-setting technique is important. But equally
important is examining the potential success of the analytics project and whether it
makes a valuable impact. To do so, the opinions of the most powerful stakeholders
should be included when developing project goals and success measures, as well as in
evaluating the results.

When the SMART analytics goals are identified, it is time to focus on understanding
the data requirements. Let’s begin by taking a closer look at data sources.

1.3 Data Sources

Data sources consist of both primary and secondary data. Primary data is collected for
a specific purpose. Companies conduct surveys, focus groups, interviews, observations,
and experiments to address problems or answer distinct questions. For instance,
Walmart and other companies are now observing customers in real-time through facial
recognition software. The objective is to detect customers that are unhappy or need
further assistance while shopping and, in turn, have an employee respond to their
needs.'® These observations provide primary data to achieve a specific objective.

In contrast, secondary data relies on existing data that has been collected for another
purpose. While secondary data might not address specific or current problems, it could
be useful in formulating ideas about how to ask the right questions or to design future
data collection initiatives. At the same time, internal and external secondary data
sources can be useful in exploring current business questions. Sources of secondary
data include:

» Public datasets: Google launched Google Dataset Search in 2018 to enable scientists,
analysts, and data enthusiasts to find data that is important for their work. Each
dataset has a description and a discussion of the problem the dataset can address.
Google Dataset Search includes data from NASA, NOAA, Harvard’s Dataverse,
GitHub, Kaggle, and other sources.

* Online sites: Online browsing behavior, purchase history, and social media chatter
have become increasingly popular sources of data. As one example, food safety is a
common concern in the restaurant industry. The third-largest fast-food chain in the
United States, ChickAfil-A, is now exploring social media content to identify words
or phrases often associated with food safety issues.'* This data and analytics are
used to produce results that are quickly made available to managers on a corporate
dashboard to make local decisions. Managers also review the results of website
postings and identify individual customers to contact. The objective is to eventually
make selected information available on GitHub, a software development platform
where creators can share programming insights at no cost.

* Mobile data: Most mobile applications track data so companies create more effective
marketing strategies. As consumers have increasingly adopted mobile applications,
companies like restaurants and clothing retailers have developed mobile apps that
record customer purchase behaviors and geographic locations. Aki Technologies, for
example, a mobile advertising company, offers a platform that companies can use to
track mobile phone activity and then develop customer segments based on certain
behaviors.”® The data is then used to engage customers through personalized
advertising campaigns or messages that increase store traffic.

» Channel partners: Multiple companies often operate within a distribution channel.
The companies, referred to as channel partners, include suppliers, wholesalers,
distributors, or retailers. Each member of the channel collects data unique to their
business, but the data frequently provides value to other partners in the channel. In
the fast-paced retail environment, where customers can purchase and receive

1.3 Data Sources
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products through same-day delivery services, brick-and-mortar retailers are
increasingly concerned with maintaining the correct levels of inventory. Walmart
strives to meet the needs and wants of customers by collecting data that enables
them to always have products in stock for purchase. To reduce the time involved in
restocking products, they are now sharing inventory data with suppliers and other
channel partners.16 They expect suppliers will be better prepared to restock products
at the right time at the right location.

Commercial brokers: Companies collecting and selling both public and private
data to a wide range of customers have emerged in recent years. Acxiom is one
example of a consumer data broker. In a typical year, the company aggregates
and sells over 10,000 types of data, including socioeconomic status, health
interests, and political views on more than 2.5 billion consumers.” Companies
purchase this data to create customer profiles that can be used to target a wide
variety of target segments.

Corporate information: In this era of big data, many companies constantly collect and
store data ranging from general business transactions to customer exchanges with
accounting, finance, sales, customer service, and marketing. For example, customer
service interactions are useful when the marketing department wants to better
understand product quality, customer satisfaction, and loyalty. Integrating data across
functional areas enables companies to better understand customer interactions based
on a more holistic view of transactions.

Government sources: This is an important source of secondary data collected by local,
state, and federal government agencies. More than 200,000 datasets are searchable
by topic (see Exhibit 1-5), including the following data sources, which are directly
applicable to marketing analysts:

= The U.S. Census Bureau is part of the U.S. Department of Commerce data. It
includes data related to the population, economy, housing, and geography.

= Consumer complaint data provides customer sentiments about financial products
and services.

= Demographic statistics by ZIP code, gender, ethnicity, and citizenship.

= Fruit and vegetable prices for over 153 commonly consumed products are
available from the Department of Agriculture.

= ZIP code data showing tax return data by state and ZIP code level.

Exhibit 1-5 U.S. Government’s Dataset Topics
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1.4 Data Types
Types of Data

Data is facts and figures collected, organized, and presented for analysis and
interpretation. Data is available in two main forms: structured and unstructured.

Structured Data Structured data is made up of records that are organized in rows
and columns. This type of data can be stored in a database or spreadsheet format. It
includes numbers, dates, and text strings that are stored in a clearly defined structure.
The data is easy to access and analyze using descriptive, predictive, prescriptive, and Al
data analytics techniques.

Unstructured Data Unstructured data includes text, images, videos, and sensor data.
The data does not have a predefined structure and does not fit well into a table format
(within rows and columns). Examples of this type of data include voice recording from
customer service calls, text, images, video recording, social media conversations, and
the Internet of Things sensor data. Unstructured data requires advanced analytics
techniques such as Al to prepare and analyze. When possible, unstructured data is
converted to a structured format prior to analysis. The number of companies collecting
unstructured data has increased substantially as technology has advanced to efficiently
support manipulation and exploration of this data type.

Both structured and unstructured data are important in executing marketing analytics. As
noted, structured and unstructured data come in different formats and measurement types.

Continued from previous page 8

PRACTITIONER CORNER

Theresa Kushner | Advisory Board Member at data.world and Partner at Business
Data Leadership

How are companies using both unstructured
and structured data in solving business
problems?

What technologies have facilitated the
integration and use of both data types?

Graph databases have greatly improved the
combination of these kinds of data structures.
But users who understand how to implement
these technologies are still lagging.

Companies started combining unstructured
and structured data to better understand their
customers. Companies like Cisco Systems
and Dell Technologies combine information
from conversations on their support sites with
information about their individual customer
accounts.

How do you see this evolving over the next
5 years?

In the next 5 years, we should see more and
more of the combination of these data
structures aided by Al and machine learning.

Continued to next page

Data Measurement

Data measurement can be categorized in a variety of ways based on the type and
means for collection (see Exhibit 1-6). The two main types of data measurement most
often explored in the remaining chapters are numerical and categorical (see Exhibit 1-7).
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Exhibit 1-6 Data Measurement Definitions and Examples

DATA
MEASUREMENT TYPE DEFINITION EXAMPLE

Discrete Is measured as whole numbers: 1,2,3, ... Number of items purchased on a website

Continuous Includes values with decimals: 1, 1.4, Amount of time spent on a website
2,25,375,...

Binary Has only two values Yes/No, True/False

Nominal Consists of characteristics that have no Marital Status, Country of Origin
meaningful order

Ordinal Represents rank order Ranking products/services in order of

preference
Interval Has fixed interval between data points Degrees Fahrenheit
Ratio Has a true zero point Product Sales, Age

Exhibit 1-7 Types of Data Measurement

R : Discrete
R i Continuous

Numerical Data are considered quantitative if numeric and arithmetic operations can
be applied. For instance, sales data or visits to websites are numerical because they can
be summed or averaged. Numerical data can be either discrete (integer) or continuous in
nature. Discrete data is measured as whole numbers: 1, 2, 3, . . . The number of items
purchased by a customer on a retailer’s website is discrete. In contrast, continuous data
can include values with decimals: 1, 1.4, 2, 2.5, 3.75, . . . The amount of time a
customer spends on a retailer’s website would be continuous.

Categorical Categorical data exist when values are selected from a group of
categories. A common example might be marital status. You may notice, categorical
data can only be summarized by calculating the proportion and count of occurrences
across and within categories.

Categorical variables can be one of three types: binary, nominal, or ordinal. Binary
categorical data can have two values—for example, yes or no. This can be represented in
different ways such as 1 or 0 or “True” and “False.” Binary data is commonly used for
classification in predictive modeling. Examples of binary variables include whether a
person has purchased a product or not, or uses Twitter or not.

Nominal categorical data consist of characteristics that have no meaningful order.
Marketers might inquire about the customer’s country or marital status. There is no
magnitude of value because a person cannot be half married and each category’s
characteristics are equally meaningful. The characteristics reflect the state of being:
United States, China, Russia, Saudi Arabia, Mexico, United Kingdom, France,
Germany, married, unmarried, divorced, widowed, and so on.

On the other hand, ordinal categorical data represent meaningful values. They have a
natural order, but the intervals between scale points may be uneven (e.g., the rank
order from the top product to the second may be large, but the interval from the
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second-ranked product to the third-ranked may be small). Customers might respond to
a question such as do you prefer this product more than or less than another product.
Another example might be when a company asks customers to rank products in order
of preference.

Categorical variables require special consideration in preparation for modeling. How to
prepare these variables will be discussed in a later chapter.

Metric Measurement Scales

Scales can also be metric. Metric scales can be measured as intervals or ratios. Both of
these scales possess meaningful, constant units of measure, and the distance between each
point on the scale are equal. However, there is a difference between these scales. Interval
variables do not include an absolute zero. When thinking about weather, 0 degrees
Fahrenheit means nothing, except that it is very cold. But ratio scales have an absolute
zero point and can be discussed in terms of multiples when comparing one point to
another. Product sales of $0 means nothing and sales of $100 is twice as much as $50.
Similarly, zero indicates a lack of any weight, and 50 pounds is half of 100 pounds.

1.5 Predictors versus Target Variable

Types of Variables

Variables are characteristics or features that pertain to a person, place, or object.
Marketing analysts explore relationships between variables to improve decision making.
Consider a simple example. An analyst is investigating the relationship between two
variables: weather conditions and ice cream sales. Does the weather impact customer ice
cream purchases? Weather conditions would be considered the independent variable or
what influences or drives the dependent, target, or outcome variable (ice cream sales).
Warmer weather increases the likelihood that more ice cream will be purchased (see
Exhibit 1-8). What other variables might impact ice cream sales? Although the example
in Exhibit 1-8 only uses two variables, companies can use multiple variables at the same
time as inputs to systems that process data and use it to predict dependent variables.

Exhibit 1-8 Example of Variable Types

Independent Variable Dependent Variable
(Predictor) (Target)

Weather Conditions Ice Cream Sales

In practical marketing analytics applications, variables are designated as independent
(predictor) variables or dependent (target) variables.

1.6 Modeling Types: Supervised Learning
versus Unsupervised Learning

Depending on the nature of the business problem being addressed, different types of
algorithms can be used. In this book, we will focus on two types: supervised learning and
unsupervised learning. Supervised learning suggests that the target variable of interest is
known (e.g., ice cream sales; click or no click) and is available in a historical dataset.

1.6 Modeling Types: Supervised Learning versus Unsupervised Learning
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The historical dataset can also be referred to as labeled data (because the target variable
is available) and is divided into a training dataset, a validation dataset, and an optional
testing dataset (also known as a holdout sample). The training dataset is the data used
to build the algorithm and “learn” the relationship between the predictors and the target
variable. The resulting algorithm is then applied to the validation dataset to assess how
well it estimates the target variable, and to select the model that most accurately predicts
the target value of interest. If many different algorithms are being compared, then it is
recommended that a third data called testing dataset be used to evaluate the final
selected algorithm and see how well it performs on a third dataset. The final selected
algorithm is then applied to predict the target variable using new unlabeled data where
the outcomes are not known, as shown in Exhibit 1-9.

Exhibit 1-9 Supervised Learning Steps

Labeled data

o006 0 0
e

Optional

Build model using
training data

Validation dataset

Apply model to validation data
and evaluate performance

Testing dataset

Apply model to test data
and evaluate performance

Model Building and Performance Evaluation

»
»

Model Application

Unlabeled data Prediction/Classification
QOOO-OL0 —— o0 o

Apply model to new unlabeled data

When the target variable is continuous, supervised learning is referred to as prediction. Let’s
say a retail company wants to understand customer buying behavior, specifically the
purchase amount to create personalized offers. We will need to build a model to predict the
purchase amount of customers against various products using labeled data (i.e., historical
data that includes how much the customer spent on each product). The model can then be
used to predict the purchase amount of new customers with similar characteristics.

When the target variable is categorical (typically binary—buy/no buy), supervised learning
is called classification. Consider a large U.S. bank whose objective is to acquire new credit
cardholders based on a special promotion. The historical data includes records of customers
who have qualified (and not qualified) for past credit card offers after receiving the special
promotion. An algorithm would be trained and validated on labeled data and then used

to predict who should be targeted in the new promotional campaign. Exhibit 1-10 shows
other examples of supervised learning applications using a variety of predictors.

Exhibit 1-10 Examples of Supervised Learning Applications

PREDICTOR (X) TARGET (Y) APPLICATION

Purchase histories

Future purchase behavior

Customer retention

Store transaction details

Is the transaction
fraudulent?

Fraud detection

Faces

Names

Face recognition
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Unsupervised learning has no previously defined target variable. The goal of
unsupervised learning is to model the underlying structure and distribution in the data
to discover and confirm patterns in the data. Examples of these techniques include the
association analysis that Sephora runs for customers on its website using the “you may
also like product X” based on an assortment of past purchases, or when Amazon
indicates “others who bought this item also bought products X, Y and Z.” Sephora and
other companies also use cluster analysis to group customers into homogenous sets
based on their loyalty (high, medium, and low) using their purchase history, the
amount spent each year, and other key demographic and purchasing related variables.'®

Supervised and unsupervised learning can be used together to gain more insights. For
example, after conducting the unsupervised learning to determine customer loyalty
segments, supervised learning can be used to predict purchase amounts for each of
these segments. Whether the algorithm is supervised or unsupervised, the modeling
process must be developed to represent how real-world problems begin, starting with a
business problem and working toward a solution that makes a business impact.
Modeling steps are discussed in greater detail in the following section.

1.7 The 7-Step Marketing Analytics Process

There are seven steps involved in the marketing analytics process (see Exhibit 1-11).
Modeling is the beginning of the journey, not the end. The 7-step marketing analytics
process is iterative and continuously evolves to develop and manage improvements in the
modeling cycle. Each step plays an important role in achieving a successful outcome.

Exhibit 1-11 The 7-Step Marketing Analytics Process

Data Understanding
and Collection

Business Problem —

Understanding = Data Preparation and

Feature Selection
THE 7-STEP MARKETING ANALYTICS PROCESS Model Development
[ ¥ ¥ 1

Model and Results
Communication

Model
Deployment

Model Evaluation and
Interpretation

Step 1: Business Problem Understanding

Most marketing analytics models are developed when a business identifies a problem.
The company may be experiencing low website traffic or conversion, high customer
churn, or new product or market growth is slower than expected. The idea is to develop
a model using analytics to understand the problem better and design a solution. One of
the key elements in this step is to question whether the problem the business is
presenting is, in fact, the correct problem, as was discussed in section 1.2. Due to

1.7 The 7-Step Marketing Analytics Process
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today’s dynamic business environment, companies frequently overlook or do not
recognize problems. To avoid this situation, several questions should be asked:

» Exactly what are you trying to understand and solve?

» How will the stakeholder(s) use the results?

* Who will be affected by the results?

» Is this a single, short-term problem or an ongoing situation?

These initial questions are essential to make sure the right problem is being addressed.

MARKETING ANALYTICS EXTRAS

= 1 Most experienced analysts recommend spending time thinking about
!= defining the marketing analytics problem and determining its scope
—=") and feasibility before starting the next step. Given that most real-
world problems are complex and often broad in scope, this recommendation
is essential.

Step 2: Data Understanding and Collection

There are many different sources of data within an organization. The marketing analysts
first job is to identify where the data is stored, its format, and how it can be combined
to understand the question at hand. This step typically includes examining databases
inside and outside the organization, and then talking with different key data owners and
stakeholders (for example, the customer relationship manager, IT manager, or sales
manager). It also includes observing and understanding organizational processes to
determine if the problem identified is the actual problem or if it is a symptom of
another underlying problem.

Once a better understanding of the problem is established, the analyst typically samples
data from the selected databases to obtain records for the analysis. For example, the
marketing analyst may use SQL code (a type of programming language introduced in
Chapter 2) to examine past purchases and returns of customers. In various Practitioner
Corners throughout the book, you will learn how marketing analysts collect, clean, and
prepare data for analysis. These are basic tasks in the overall process of identifying and
solving business problems.

Marketing analysts must have a good understanding of the types and sources of data.
The Cowles Commission for Research in Economics was part of the Statistical
Research Group (SRG) engaged in solving problems during World War II. The group
sought to determine the placement of additional armor on American bombers. They
eventually employed an expert in the areas of mathematics and statistics, Abraham
Wald. Prior to hiring Wald, the SRG examined data and noticed bombers were
suffering the most damage to the fuselage (see Exhibit 1-12)."

Because the fuselage was also the location of the pilots, the group made the decision to
include more protection in this area. Where would you have suggested more protection
for the bomber? Did you ask the right questions before making a decision? Wald
noticed the data was from a single source—only airplanes that had returned from
combat. No data was available from destroyed airplanes. This meant this critical
decision was based upon limited information from planes that successfully returned
despite the amount of damage incurred. What would the information indicate about
armor placement from the airplanes that sustained excessive damage and were not able
to return? Fortunately, Wald recognized this would be important information, and he
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Exhibit 1-12 Example of WWII American Bomber with Hypothetical Damage

Source: Ethan Castro, “Hidden History: Abraham Wald and a Lesson in Survivorship Bias,” The News, March 11,
2019, https://www.technewsiit.com/hidden-history-abraham-wald-and-survivorship-bias.

obtained information from pilots who survived by parachuting out of planes that failed
to return. This emphasizes the importance of understanding the data prior to analysis.
If Wald had not questioned or been made aware of the data’s origin, the decision on
armor placement could have been catastrophic or possibly ineffective.

Clearly, this is an important step today as well. What if Apple failed to test the strength
of iPhone screens when they are dropped, or Tyson did not keep track of its chicken
products so salmonella outbreaks could be tracked and resolved? Starting with all the
information necessary in identifying, understanding, and solving a problem is clearly
critical to finding the correct solution and avoiding the problem in the future.

Step 3: Data Preparation and Feature Selection

Data in different formats is combined in this step. To do so, the unit of analysis (e.g.,
customer, transaction, subscription plan) and the target and predictor variables are
identified. The data columns (features) of the target and predictor variables are then
visually and statistically examined. For example, scatterplots showing the relationship
between the continuous target and each of the continuous predictors can be useful to
identify patterns in this relationship. Data is cleaned by identifying and determining
how to deal with missing values, data errors, or outliers. The data from different data
sources describing the unit of analysis is also merged so data from both sources is
measured consistently and can be used in developing the models.

Other features are further refined in this step. For example, dates might be adjusted to
represent the day of the week, week, month, or year. In addition, predictors that have a

1.7 The 7-Step Marketing Analytics Process
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strong relationship with the target variable and are not highly correlated with each other
(predictors that are unique and not highly related) are included in the analysis to improve
the reliability and accuracy of the predictive model. In this step, predictors might be
eliminated, but they could also be transformed to improve the measurement. For example,
the focus of the problem may be mobile phones priced less than or equal to $200 and
those greater than $200. Rather than examining continuous monetary values, the feature
can be changed to a binary variable (=<$200 or >$200). Similarly, if the research
involves company size and performance, the focus could be companies with fewer than or
equal to 500 employees and more than 500 employees. Understanding the meaning of
each variable and its unit of analysis is an essential task in this step.

Step 4: Modeling Development

Steps 1 through 3 represent about 80 percent of the analyst’s time, but serve as an
important foundation for the rest of the steps in the process.”’ In step 4, the analyst
uses analytical skills. A good model is one that represents the real-problem accurately
and includes all key assumptions.

In this step, the analyst selects the method to use. The choice depends on the target
variable and problem. The possible options are classification, prediction, clustering, or
association. If the problem is supervised, the analyst will need to partition the data into
three parts as previously indicated: training, validation, and test datasets. The analyst will
also have to decide on appropriate modeling techniques such as regression and neural
network, which are explained in the following chapters. More than one modeling technique
is typically used in this process, and each includes a variety of features. Different models
should be tried to identify the one that provides the best accuracy, speed, and quality.

A key idea to remember is that the model should be simple, practical, and useful.
Netflix paid a million dollars for a model it never used due to its complexity.! Until
recently, some of the most commonly encountered analytics problems were solved using
simple techniques such as decision trees and regression analysis. The results were not
necessarily as accurate, but the techniques were simple to understand and apply, and
useful solutions could be developed.

Step 5: Model Evaluation and Interpretation

This step ensures the modeling is accurately performed and provides the best
predictions for future applications. The model is evaluated to identify the algorithm
providing the best solution. Initially, the algorithm is run on the validation dataset to
determine how well it will predict the relevant target variable (dependent variable). If
the validation results show high accuracy, then the model can be recommended to
predict new cases and address the business problem. In some instance, the top model
can be evaluated using an optional testing dataset to assess how well the final selected
model might perform on new data.

Step 6: Model and Results Communication

The modeling step provides a set of recommendations. Understanding differences in the
perspectives of problem-solving skills is critical because most people may not have a
clear understanding of the modeling techniques used. It is key, therefore, for the analyst
to present the model in a way that other people can understand, particularly
management. Otherwise, the model may never be approved for implementation.

A good approach for this step is to collaborate with key stakeholders early in the process. If
key stakeholders such as executives and managers have been involved in providing feedback
from the beginning of the process (e.g., providing data and evaluating the progress), they
are more likely to understand and support the recommended modeling approach.
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A full understanding of the model is another important consideration. Whether the
model is simple or complex, it should be explainable in straightforward terms with the
appropriate visualization of results. For example, managers appreciate a regression model
that includes a clear representation of the relationship between the target and predictors
and that rapidly guides them in determining if their initial questions were answered.

Step 7: Model Deployment

The model completion and execution step is not finished until it has been implemented
and is running on real-time records to offer decisions or actions. For example, a web
recommender system is not considered complete until the system is used to make
recommendations to customers during online purchases. Model implementation is
typically approved by management for deployment, but only after full buy-in will the
model add real value in making better decisions. Typically, this step involves other key
stakeholders such as IT specialists, customer service representatives, or the sales team.
These individuals should also train on implementing the system to ensure they
understand how the model is executed and applied.

A key consideration throughout the 7-step marketing analytics modeling process is to
evaluate the ethical dimensions of the analysis. Are the privacy and anonymity of the
subjects being protected? Does a bias exist in the data that could impact the analytics
results? Are the model results accurate? If not, some subjects may be misclassified and
have a negative effect on the results. For example, applicants could be denied a bank
loan, or purchase conversions may not increase as expected. At times, the model may be
correct, but the objective is unfair to some subjects or unrealistic in its predictions. IBM,
Microsoft, Facebook, Google, and other companies have created analytics review boards
and ethical codes to evaluate the fairness of the analytics modeling. Another issue to
keep in mind is that the data, features, data cleaning, and the model are determined by
analysts. Thus, ethical training, ethical codes, and clear guidelines should be established
and communicated to everyone working on developing the analytical model.

Continued from previous page 13
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What are the ethical considerations that
marketing analytics students should pay
attention to as they begin their career in
analytics?

The one ethical consideration that marketing
analytics students need to pay close attention
to is bias. This takes various forms. There is
bias in the data collected for analytics
projects. There is bias in training data for Al/
ML projects. There is bias in applying the
learning from the analytics to the business
problem. Not all bias is bad, but knowing that
you have it and that it must be managed is
something that most students in marketing
analytics do not recognize. The way to avoid
having bias enter the algorithms or the data is

to make sure you have checkpoints
throughout the process that look for bias.
Most data science processes do not consider
this aspect. The other way to minimize bias is
to create diverse teams that do the analytics.
This doesn’t necessarily mean diversity in
race or gender, but it does mean diversity in
thought. People who approach problems from
different perspectives are a requirement in
today’s data science teams. Left-brained and
right-brained people are needed. In fact, the
most recent needed addition to a data
scientist team is a data archeologist, someone
who understands how data has been curated
in the past—someone who uses both right-
and left-brain thinking.

Continued to next page
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1.8 Setting Yourself Apart

Marketing analytics experts work on solving complex and important problems.
Regardless of which area in marketing, or even in the organization, you choose in your
future career, knowledge of marketing analytics will be necessary. Marketing analytics is
essential for students interested in distinguishing themselves in the job market. A study
by PWC and the Business Higher Education Forum found that there were 2.35 million
job postings in the U.S. for analytics-enabled jobs22 and the number has continued to
rise. More recently, an exploration of positions listed on Burning Glass suggested an
average salary of $99,000 for analytics positions. The demand and salary for careers
needing analytics training in all fields will continue to grow worldwide. Thus, job
applicants with a knowledge of data science and analytics will be given preference over
others without these skills.

Continued from previous page 21
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How does the knowledge of marketing E What is the potential career impact of
analytics help students differentiate understanding marketing analytics and the
themselves from peers? application to business problems?
Marketing analytics is unique in that it aims E My experience has taught me that

the power of analytics at the customer and understanding marketing analytics often
market—the place where companies make grows into understanding market and

their money. Any student who understands business strategies. It’s this understanding or

how data analytics can be used to help

experience that can catapult a career. Most

increase revenues in a company has an edge companies are very interested in how they

over her peers.

can apply analytics to their overall business as
they move to transform to the digital age.

In the following chapters, marketing problems using a variety of powerful analytics
software are discussed. The software platforms in Exhibit 1-13 are useful in many
careers, particularly marketing, and are currently used by many organizations globally to
solve complex business problems. Exhibit 1-14 displays the top software and the relative
usage by companies based on a survey by KDnuggets, a leading provider of information
on Al, analytics, big data, data mining, data science, and machine learning. In the
remaining chapters of this book, you will learn how to solve specific marketing analytics
problems through step-by-step instructions using a variety of software.

Results were based on asking the question: What software did you use for analytics,
data mining, data science, and machine learning projects in the past 12 months?

This book provides the foundation and skills for successfully using analytical methods
in marketing. Chapter cases cover a variety of tools and techniques to provide hands-on
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Exhibit 1-13 Example of Software Platforms Introduced

l Google

Analytics

Predictive Modeling &
_ Database Management Association Rules Web Analytics

SQLLite Online

e python @:polinode

IBM® Cognos

DataRobot

Automated Machine
Learning

Cluster Analysis &
Natural Language Social Network
Processing Analysis Cognitive Analytics

Exhibit 1-14 Top Analytics, Data Science, Machine Learning Software in
KDnuggets Poll

SOFTWARE 2019 USAGE PERCENT

Python 65.8%
RapidMiner 51.2%
R Language 46.6%
Excel 34.8%
Anaconda 33.9%
SQL Language 32.8%
Tensorflow 31.7%
Keras 26.6%
scikit-learn 25.5%
Tableau 22.1%
Apache Spark 21.0%

Source: Gregory Piatetsky, “Python Leads the 11 Top Data Science, Machine Learning Platforms: Trends and
Analysis,” KDnuggets, May 2019, https://www.kdnuggets.com/2019/05/poll-top-data-science-machine-learning-
platforms.html (accessed June 23, 2019).

experiences. Application of the analytics methods will serve as a toolbox for
approaching different problems. Exhibit 1-15 provides an overview of the chapters by
topic, modeling type, software, and coverage of the four major areas of analytics:
descriptive, predictive, prescriptive, and Al/cognitive. It is time now to start your
journey to develop an understanding of the fundamental marketing analytics
technologies, techniques, and business applications.
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Exhibit 1-15 Topics and Software Coverage in This Textbook

TITLE MT(:ISIEELCI)I\'I:G SOFTWARE CHAPTER | DESCRIPTIVE | PREDICTIVE | PRESCRIPTIVE | AlI/COGNITIVE

Optimization

Data Data Query SQL Lite Chapter 2
Management Online '7‘

Al and Business IBM Chapter 3 Y Y. Y.
Cognitive Intelligence Cognos @ @ @
Analytics Analytics

Visualization Scatter Plot Tableau Chapter 4 AV
Geographic ~h
Map Heat Map
Bar Chart Box
Plot Network
Graph
Timeseries
Line Graph
Supervised Linear Rapid Chapter 5, _*@_
Modeling Regression Miner & 6,and 7 S
Neural Data Robot
Network
Automated
Machine
Learning
Unsupervised | Association | Rapid Miner | Chapter 8 @_ _*@_
Modeling Rules Cluster & Python and 9 S ~h
Analysis

Natural Sentiment Python Chapter 10 Y Y. _@
Language Analysis ~h ~h ~h
Processing

Social Network Polinode | Chapter 11 AV
Network Structure ~h
Analysis

Web Page View Google Chapter 12 YAy
Analytics Click Through Analytics ="
Engagement
Time
Conversion
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Summary of Learning Objectives and Key Terms

LEARNING OBJECTIVES

Objective 1.1 Define marketing analytics.

Objective 1.2 Discuss how to identify the right business problem.

Objective 1.3 Identify different data sources.

Objective 1.4 Describe different data types.

Objective 1.5 Explain the difference between predictors and target variables.
Objective 1.6 Differentiate between supervised and unsupervised modeling.
Objective 1.7 Discuss the 7-step marketing analytics process.

Objective 1.8 Explain the value of learning marketing analytics.

KEY TERMS

Artificial intelligence (Al) Integer Secondary data
Binary Interval SMART principles
Categorical data Marketing analytics Structured data
Cognitive analytics Machine learning Supervised learning
Continuous data Nominal Test data
Dependent (outcome) Ordinal Training data
variable Predictive analytics Unstructured data
Descriptive analytics Prescriptive analytics Unsupervised learning
Discrete data Primary data Validation dataset
Independent variable Ratio Variables

Discussion and Review Questions
1. What is marketing analytics?

2. How are companies using marketing analytics to make strategic marketing
decisions?

3. Name several external data sources that might be helpful to marketers.

4. How might a company use structured and unstructured data to better
understand customers?

5. Define a target variable.
6. Discuss the difference between supervised and unsupervised learning.

7. What are the steps of the marketing analytics process?

Critical Thinking and Marketing Applications

1. Visit www.data.gov. Click on Consumer, then click on Data. How many
datasets are currently located on this website for free? Select one dataset
and develop a scenario where the data might be helpful for a marketing
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manager. Discuss how exploring the data could guide the marketing manager
in making more informed decisions.

Develop two questions that an airline company might be interested in
answering. Describe types of unstructured and structured data that might be
important to answering the questions. What data sources might be helpful?
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Data Management

LEARNING OBJECTIVES

2.1 Define big data and summarize the journey from big data to smart data.

2.2 Discuss database management systems, relational databases, and SQL
query language.

2.3 Investigate the key elements of enterprise data architecture.

2.4 Define the dimensions of data quality and describe the importance of
performing marketing analytics.

2.5 Explain the importance of understanding and preparing data prior to
engaging in analytics.
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21 The Era of Big Data Is Here

A marketing executive in a medium-sized U.S. retailer was surprised after reviewing
the sales reports. One of the company’s major competitors has been rapidly
gaining market share. The executive was confused by the loss of market share
because the firm had invested a large amount of money in improving their product
design and online promotions. Upon reading a news article that examined decisions
leading to the competitor’s success, the executive was surprised by the challenge
ahead. The competitor was investing heavily in collecting, integrating, and analyzing
data from each of their stores and every sales unit. The competitor had integrated
information technology (IT) infrastructure with the supplier databases, which
enabled it to place orders automatically on high-demand items and shift product
delivery from one store to another with ease. From e-commerce to in-store
experiences, as well as across the supply chain, the competing company had
become nimble and adaptive in the marketplace. What the competitor had
witnessed was the game-changing impact of big data and analytics. Big data helps
companies track demand and sales in real time, adapt quickly to market changes,
and predict how customers will behave, thereby enabling them to personalize
customer experiences.

In recent years, we have witnessed an explosion in the volume of data produced and
stored. You have probably seen statements such as 90 percent of the world’s data has
been created in the last two years, or an estimated 2.5 quintillion bytes of data are
generated every single day. However, that pace is only accelerating with data from web
applications, social media, mobile apps, and sensors embedded in almost all everything
we use. Large datasets are a core organizational asset that generates new opportunities
and creates significant competitive advantages. Indeed, companies that adopt data-driven
decision making typically achieve up to 6 percent higher productivity and output than
their peers.

The Coca-Cola company is a good example of a business that has rebuilt itself on
data to drive product development, customer retention, and engagement. With more
than 500 drink brands sold in more than 200 countries, the Coca-Cola Company’s
customers consume more than 1.9 billion servings every day. Moreover, the company
launched Cherry Sprite using data from self-service drink dispensers that allow
customers to mix their own drinks. Finally, Coca-Cola identified the most popular
flavor combinations and made them available to its customers."

Another successful data analytics company is eBay, with an estimated 179 million
active buyers and more than 1.2 billion live listings across 190 markets. eBay has
invested in data management infrastructure that enables it to use two decades of
data and customer behavior insights to train intelligent models to anticipate the
needs of buyers, recommend items, and inspire every shopper based on interest
and passions.? Mastercard too has built a data infrastructure that can process

75 billion transactions per year across 45 million global locations on the
Mastercard network.> To do so, the company has moved from static data and
fixed rules to fast-moving, real-time streams of transaction data, enhanced by
external aggregated customer demographics and geographic information. In
addition, using machine learning models, Mastercard has been able to prevent
billions of dollars’ worth of fraud.

Building a smart data infrastructure that enables real-time decision making requires a
strong data strategy that is well aligned with overall business strategy. Many companies
have adopted a data-driven strategy that encourages the use of data throughout the firm
for decision making. With increased integration of both internal and external data,
many companies are discovering that inter-department collaboration is a key success

2.1 The Era of Big Data Is Here
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factor in optimizing data use. Analytics teams are increasingly interdisciplinary, and
functional departments no longer operate in silos (see Exhibit 2-1). As a result,
marketers are finding themselves collaborating with numerous departments throughout
the company to create successful initiatives. In addition, new departments have
emerged, such as data science, that focus on statistical computational algorithms and
computer programming.

Exhibit 2-1 Collaborative Workgroups Versus Traditional Silos

CROSS-FUNCTIONAL GROUPS TRADITIONAL SILOS

. Information
Marketing Technology

Information
echnology

Marketing

Data

Science Data
Science

Companies such as General Electric and Zeta Global, a marketing services company,
are developing cross-functional, collaborative structures between marketing, IT, and data
science to ensure more accurate data collection and identification of useful insights.4
Increasing applications of analytics and interdisciplinary collaboration mean marketers
must have a basic understanding of data management fundamentals even if they do not
have primary responsibility for managing these systems.

Integrated information technology infrastructure systems are collecting and maintaining
massive amounts of data. In the airline industry, manufacturers utilize thousands of
sensors and sophisticated real-time digital systems to collect more data. By 2026, over
half of all wide-bodied aircraft are expected to produce 98 million terabytes of data.
These advanced systems generate information surrounding engines, fuel consumption,
crew deployment, and weather updates, to mention a few, with the goal of enhancing
the customer experience.5

Multi-channel interactions are also producing large amounts of data. For example, there
are more than 100 million desktop and mobile visits to the Target website each month
from over 40 million users of their mobile app, as well as data generated by customers
shopping at over 1,800 brick-and-mortar stores.’ Other types of external data are

also collected, such as social media mentions, weather patterns, and economic
developments. Another retailer, Walmart, processes over 2.5 petabytes (PB) of internal
and external data every hour, seven days a week. But realistically, is it possible for us to
understand how much data this truly is? To put this into perspective, a petabyte (PB)
is a million gigabytes (GB), and a single petabyte can store about 225,000 movies.
Imagine looking pixel by pixel at your favorite 225,000 movies, and that is only one
petabyte. Consider the most recent thumb drive or cloud storage service you used.
What was the storage capacity? While they range in size, many thumb-drive storage
options for personal use hold 100 or more gigabytes (GB), and external laptop drives
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strategic plans.

Peter, from your perspective why is it critical
for employees working in any function to
understand or participate in the company’s
processes for data management, from
collection to preparation, analysis, and
ultimately strategy development?

The goal for every function is to understand
the lifecycle of the data and processes that
are being generated. What questions need to
be answered? What requirements are placed
on the data and the analysis? How long will
the data and information be relevant, and how
do you know data biases have been reduced
so the information will be useful in answering
questions?

The key is for those who ask questions to
understand data lifecycle elements so they
can ask and get answers to the right
questions. For example, they must be able to
bridge the silos between functional
departments to provide detailed answers.
Typically, in this situation, the marketing

at Lockheed Martin focusing on the sustainment areas of the F35 program.
His background is idea valuation and the business, strategic, and technical
coordination necessary to bring those to life. Over his 30+ year career, he
has developed and helped launch multi-billion dollar opportunities in
unmanned systems, autonomous applications, and supercomputing. This
has involved entering new markets for Underwater autonomous vehicles,
transforming geospatial data into collective team knowledge, and advancing
robotics through research into data analysis. His business focus has been
that of combining business analytics and market analysis into cohesive

department is the question generator that
wants to understand how customers are
making decisions. As part of the journey, the
marketing team will therefore have to bridge
the gaps between silos to answer the
fundamental questions. If marketers are
uninvolved in the process or unable to
collaborate, other departments such as data
scientists must have the same understanding
as the marketing department, but they seldom
do. Functional departments can be adeptin
many areas, but the data science department
does not make strategic marketing decisions.
Similarly, the IT department does not specify
how data scientists do their analysis. It is this
bridging of the gaps between groups that
facilitates appropriate technology investments,
achieves desired returns on investment goals,
while at the same time meeting their strategic
goals. Utilizing each department’s expertise is
the only effective way to reach individual
department and overall company goals.

Continued to next page

hold a terabyte (B) or more. For an understanding of computer technology measurement
storage units, refer to Exhibit 2-2.

Big data is the term typically used to describe massive amounts of data. It is a relative
term that requires special tools to manage and analyze. The amount of data collected
by Target and Walmart would be considered big data by most standards. But Amazon,
Google, and Facebook are other companies that have amassed large amounts of
customer search history and purchase data. The existence of big data is a result of the
digital transformation taking place in companies and among customers. Companies
not only store historical and real-time data in a digital format, they also interact with
suppliers and customers using a variety of digital methods that contributes to big data.
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Exhibit 2-2 Computer Technology Storage Units of Measure

UNIT OF NUMBER
MEASURE OF BYTES EXAMPLES’

Yottabyte (YB) 10008 as much information as there are atoms in 7,000 human
bodies

Zettabyte (ZB) 1000’ as much information as there are grains of sand on all the
world’s beaches

Exabyte (EB) 1000° about one-fifth of the words people have ever spoken

Petabyte (PB) 1000° half of the contents of all U.S. academic research libraries

Terabyte (TB) 1000* all the X-rays in a large hospital

Gigabyte (GB) 1000° Beethoven’s 5th Symphony

Megabyte (MB) | 1000% | a small novel

Kilobyte (KB) 1000 a paragraph of a text document

Byte (B) 1 a single character of text

The word big, however, is somewhat subjective. In the case of big data, several
characteristics illustrate the term (see Exhibit 2-3). Volume, variety, veracity, velocity,
and value are several characteristics used to describe characteristics of big data.

Exhibit 2-3 Characteristics of Big Data

[
»

»

Volume | Large Data at Rest | Companies must now store and analyze petabytes of
= mmm mmm == | data. Data is collected from a variety of sources and
ms == ms= mm= | enables companies to examine the entire customer
I N S - .
= = = = |joumey.
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Variety Diverse Data Data can range from structured to unstructured. There
are strengths and challenges to these different formats
— when creating an integrated database, but variety
— provides a more holistic understanding of customers
I ) .
- and market situations.
I |
Veracity | Messy Data The data could have missing values, inconsistencies in
the unit of measurement, erroneous information, and
— lack of reliability, which increases complexity and
— reduces confidence in the data.
[
EEE e
I

Velocity | Fast Data in Motion | Troves of data are being produced by digital technology.
—: E —: = | This data is inundating companies at a rapid pace
== == == - = | (taking milliseconds to seconds to send). This speed

- - i i
L e et | supports real-time response strategies.
- - -
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Value Useful Data The extracted data must be converted into quality

insights that add tangible and intangible benefits to the
business. Achieving value requires an understanding of
the goals and objectives of the business.
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Volume refers to large amounts of data per time unit. The volume of data can be
anticipated in the case of regular purchase behavior, but intense public attention on
social media can bring inconsistent volumes of data, an amount a company might be
unprepared to manage. Companies such as Walmart report more than 140 million
customers visit a typical company-owned brick-and-mortar or ecommerce site

each week.® These customers produce a vast quantity of data through purchase
transactions, returns, browsing patterns, and search history. As you can imagine, the
large quantity of data arrives with high velocity or speed. This high-volume, high-
speed data moves constantly between the network of exchange relationships from
suppliers to retailer stores to customers. Managing the volume and speed of incoming
data can be challenging due to the potential veracity or variety of data. Recall from
Chapter 1 that structured and unstructured types of data are constantly generated
from various sources. Making a purchase online or in a store would yield structured
data such as names, addresses, phone numbers, and purchase amounts. In contrast,
data originating from social media through videos, text, and images would likely be
unstructured. It is easy to understand, therefore, how collecting similar data from
several sources increases the potential for inconsistencies in the units of measure or
missing data.

Big data is available to almost all companies throughout the world, but it is only an
asset when it provides value. Value means the data is useful for making accurate
decisions. Many professionals are moving away from the term “big data” and beginning
to adopt the term “smart data.” Smart data represents data that is valuable and can be
effectively used. Big data should be well-organized and made smart prior to analysis by
making sure it can be used to produce more accurate decisions.

2.2 Database Management Systems (DBMS)

Have you ever considered how big data is organized to create smart data that provides
value? All data is stored and organized in a database. A database contains current data
from company operations. The data must be organized for efficient retrieval and
analysis by different functional departments throughout the company. When employees
search for customer information or customers search for products online, a database is
working behind the scenes to provide the best results. Customer relationship
management (CRM) and product search systems are commonly stored in relational
databases.

A relational database is a type of database management system (DBMS). It is a
collection of interrelated data items organized using software programs to manipulate
and access data. The software programs involve a framework, often referred to as a
schema, that captures the structure of how the database is constructed with tables,
columns, data types, stored procedures, relationships, primary keys, foreign keys,
validation rules, etc. A relational database stores data in structured columns and rows
similar to an excel spreadsheet. Exhibit 2-4 shows sales for a specific plant variety: the
Hass avocado. The relational table includes information about avocado sales and
consists of a set of product or company attributes, including such items as region,
average sales, total volume, and type. A set of tables is one component of a relational
database, each of which has a unique name. As shown in Exhibit 2-4, a table typically
includes a set of columns (also known as features, predictors or variables) and stores a
large number of records. The row (also known as records) are often identified by a
unique primary key and described by columns. A foreign key is a set of one or more
columns in a table that refers to the primary key in another table. Primary keys and
foreign keys are important in relational databases, because they help database users
combine data from different tables, as shown in Exhibit 2-5.

2.2 Database Management Systems (DBMS)
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Exhibit 2-4 Example of a Table Structure

OBSERVATION ID REGIO A AGE PR OTAL VO 5
1 Albany 1.47 113514.4 Organic
Atlanta 0.95 649352.6 Conventional
Baltimore/ 1.15 849487.6 Conventional
Washington
Boise 1.13 79646.97 Conventional
Boston 1.4 419696.6 Organic
Buffalo/Rochester 1.27 115508.3 Organic

Exhibit 2-5 Example of a Relational Database Structure

Avocado Sales

observationid

region

year

month

supplierlD (Primary key)

name

country

quarter

type

averagePrice
totalVolume

supplierlD (Foreign key)

Although data has the potential to be important, how can data in relational databases
be accessed for greater meaning? Relational data is accessible by a database
management language called structured querying language (SQL). The language was
developed by IBM and is used to access and update data stored in the database. A
query can be used to join, select, manipulate, retrieve, and analyze data from relational
databases. These databases are beneficial when data consistently maintain the same
properties because they require predefined structures. If the company decides to begin
collecting customer email addresses or locational information, the database tables
would need to be altered to accept any new column.

On the other hand, non-relational databases (see Exhibit 2-6), also known as NoSQL
databases, can store large volumes of structured or unstructured data. Non-relational
databases show data vertically, combined together rather than in structured tables. For
example, the first row in Exhibit 2-6 matches the first column of Exhibit 2-5 and refers
to organic Hass avocados in Albany.

Exhibit 2-6 Non-Relational (NoSQL) Database Example

{“Name”: “Average Sales Price: 1.47"},
{“Name”: “Total Volume: 113514.4"},

{“Name”: “Type: organic”},

{“Name”: “Region: Albany”}

NoSQL databases allow greater flexibility for storing ever-changing data and new data
types, but drilling down to very specific types of data is more difficult. The flexibility
of NoSQL databases is important for companies with dynamic sources of data, such

as mobile devices or social media.

Most companies use both relational and non-relational type databases to store data.
Data often resides in multiple sources with different data formats. As expected,
managing data efficiently can be challenging. The difficulty of maintaining multiple
databases is compounded by inappropriate data storage architecture.

Chapter 2 Data Management



2.3 Enterprise Data Architecture

Data storage architecture provides a framework for companies to systematically
organize, understand, and use their data to make both small and large decisions. In
recent years, companies have spent millions of dollars building enterprise-wide data
architecture to help drive informed decision making in a fast-changing world. Many
organizations view their data architecture as a competitive position to help them retain
customers by learning more about their needs. Interestingly, new trends have evolved in
data architecture with more companies investing in flexible cloud infrastructure and
open-source architecture.

Exhibit 2-7 shows the basic architecture of a data storage environment for an
organization. In principle, data analytics can be applied to analyze any kind of
information repository. This includes Customer Relationship Management (CRM),
Enterprise Resource Planning (ERP), and other Online Transaction Processing
(OLTP) software that supports operational data transactions such as customer order
entry, financial processing, material order, shipping process, and customer service.
As an example, customer relationship management (CRM) solutions use an
operational database to store customer data. Some of the most common CRM
solutions are available through Microsoft, SAP, Salesforce, and Oracle. A CRM
database might store recent customer transactions or responses to marketing
promotions and allow marketers to monitor developments in real time. The data
storage environment offers a place to combine different sources of data. Internal
company data can be combined with data from other sources such as social media
(e.g., Instagram, YouTube, Facebook) to capture customer opinions about products,
reviews, and video comments, which also can be combined with web sales data.
Streaming data, the continuous transfer of data from numerous sources in different
formats, can also be included to capture customer data. This might include
geographic mobile data, sensor data from physical stores, and logs from internal
systems and web capturing of the type, content, and time of transactions made by
the user interacting with the system.

Exhibit 2-7 Simple Architecture of a Data Repository

CRM, ERP,
and OLTP

Data Warehouse

Extract
Transform

Load

on Separate
Streaming Data toolset or

g

Query,

Visualization, and

|-

HADOOP

HDFS Cluster

Web Application

Data Marts

Data Lake

T

Streams
(Logs, Geo, loT

Q @ Q Machine Learning

2.3 Enterprise Data Architecture

35



36

Traditional ETL

Extract, Transform, and Load (ETL) is an integration process designed to consolidate
data from a variety of sources into a single location (see Exhibit 2-8). The functions
begin with extracting key data from the source and converting it into the appropriate
format. For example, the date is converted into data/time format. A rich transformation
process then includes cleaning the data, applying transformation, and name conversion.
Transformation requires conforming to the appropriate data storage format for where
data will be stored. For example, a customer relationship management (CRM) database
might require structured columns and rows such as first names, last names, and
telephone numbers. But text from email communications, customer service interactions,
or social media would be considered unstructured and must be specified differently.
Because both structured and unstructured data are important, ETL solutions are being
improved to efficiently integrate these various types of data. Most traditional ETL tools
can process only relational datasets for semi-structured, unstructured data, and
machinery sensor data, but newer systems are much more flexible. The third ETL step
is load, in which the data is loaded into a storage system such as data warehouse, data
marts, or a data lake.

Exhibit 2-8 Functions of Extract, Transform, Load (ETL)

FUNCTIONS

Data is extracted from the source.

Data is transformed into a useable form.

Data is integrated and loaded into a storage system.

ETL Using Hadoop

The massive volume of data led to the development of new technologies like Hadoop to
capture, store, process, secure, and then analyze complex data (Exhibit 2-7). Hadoop is
an open-source software that helps distributed computers solve problems of big data
computation. Hadoop divides the big data processing over multiple computers, allowing
it to handle massive amounts of data simultaneously at a reduced cost. Hadoop also
facilitates analysis using MapReduce programming. MapReduce is a programming
platform used to manage two steps with the data. The first step is to map the data by
dividing it into manageable subsets and distributing it to a group of networked
computers for storing and processing. The second step is to combine the answers from
the computer nodes into one answer for the original problem handled. HIVE, a data
warehouse built using Hadoop, provides SQL-like query to access data stored in
different file systems and databases that are used by Hadoop.

The loading process uses an open-source Hadoop framework, reducing the cost of
operation. Most importantly, the ETL process on Hadoop can handle structured, semi-
structured, and unstructured data. After the ETL process is completed using traditional
ETL or Hadoop, data can be stored in a data warehouse, data marts, or a data lake.

A Closer Look at Data Storage

One popular database architecture, a data warehouse, contains historical data from
various databases throughout a company and provides a structured environment for
high-speed querying. A data warehouse consists of data from different functional areas
of the firm and likely includes data associated with customers, human resources, and
accounting. The data is typically organized under one schema to facilitate holistic
decision making in the organization. Merck, a healthcare company, recently faced a
data problem. Employees were spending as much as 80 percent of their work time
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gathering data. The result was not enough time to complete other tasks.” Merck then
developed a data warehousing system where data scientists can analyze both structured
and unstructured data at the same time, and also develop reports using data
visualization software for business analysts. Even though the databases might be located
in different departments, the data warehouse system provides a central repository.

A data mart is a subset of the data warehouse that provides a specific value to a group of
users. For example, a marketing data mart would be limited to data on customers, sales,
products, and similar marketing metrics. There are two types of data marts: One is referred
to as a dependent data mart, in which the data is directly obtained from an enterprise data
warehouse. The second is referred to as independent data mart, in which the data is
obtained from transactional systems, external providers, or specific geographic areas.

A data lake (often included in Hadoop systems) is a storage repository that holds a
large amount of data in its native format. It is typically used to investigate data patterns
and to archive data for future use. A variety of big data sources such as social media,
weather data, logs, and sensor data, as well as online reviews, semi-structured (HTML)
and unstructured data (e.g. videos, pictures), and machine-generated data (e.g., sensor
data) can all be stored in a data lake. With data lakes, millions of customer records
can be explored quickly without having to wait for data to be loaded into the data
warehouse. At the same time, the contents of data lakes can be integrated with data
warehouse. TD Bank Group is the sixth-largest bank in North America, employing
around 85,000 people. TD Bank Group recently began to transform its digital
infrastructure to a data lake architecture hosting customers’ personal data such as
demographics, preferences, opinions, and other external structured and unstructured
data using a Hadoop private cloud.' Using tools like Hive, Apache Spark, and Tableau,
the bank was able to explore massive amounts of data and build insightful reports and
visualizations in a very cost-effective and quick manner. The data architecture enabled
the company to move from “data-silos” to democratized access, providing information
to employees across the organization. This data democratization enabled TD Bank to
offer adaptive and customized products and services to its customers.

Consider the value of an enterprise-wide data repository for multi-channel retailers.
Multi-channel retailers collect operational, transactional, and social media data from
various sources. Customers make rapid decisions based upon information available to
them at the right time. Companies rely on the real-time integration of multi-channel
data to facilitate customer decision making through price modifications or streamlining
inventory that help maintain customer satisfaction.
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E How are companies managing data from a with that data 2, 3, or 4 months after it has
variety of sources to create a full view of been stored? Is all of the data useful for market
data and generate consistent value? segments and analysis, or have they chosen
to collect everything to prevent missing data
E With modern computing power and that might be needed in the future? The key
inexpensive (temporary) data storage, large is the upfront setup of the inbound data
amounts of data can be stored and analyzed at
will. The fundamental question is what to do (Continued)

2.3 Enterprise Data Architecture 37



38

management and quality parameters. Each
department within a company must be vocal
and engaged in establishing a plan for data
collection and management that provides
answers to the questions relevant to them. It is
very important to architect a solution up front
to decide where the data is coming from and
how often, how it will be stored, what analytics
will be done on the data, and for how long.
This will determine how to follow the data from
field to useful information and how long you
need to keep it handy.

How do marketers play an important role in
data management?

Marketers, business development teams, and
process optimization teams work together to
look at the problems and decide on the
appropriate questions to answer. This will
drive the requirements of data analytics that
will ultimately deliver the insights to answer
those questions.

The rate of internet-enabled devices/
processes continues to explode. More data
is available from internal and external
processes. It wasn’t that many years ago
that 1 MB of RAM was enough to solve many
problems. Today’s chasing of shiny objects
might include “Let’s use Artificial Intelligence /
Machine Learning to make sense of our large
datasets.” But using a highly tuned algorithm
to find relationships without a specific
understanding could render unreliable results.
Since the current trend is to accept what the
computer has generated as a valid output, it is
important the process of data management
include functions across the enterprise.

How is the process of data management
evolving to facilitate tangible results across
the enterprise?

It is an exciting time when internal questions
can be asked, supporting data is identified and
tied to external financial market analysis, and
where predictive models answer the “what if”
questions: “Should we go to market?” “Should
we attempt to gain marketspace against
company XYZ?” “Would this method be
successful?” We are no longer limited by the
quantity of data available, but by the ability to
frame that data into successful business
decisions. It is toward this point where the
process of data management is evolving.
Business transformations based on
governance and processes should be
supported by massive amounts of “clean” data.
Just because we have the resources to invest
in a particular product does not mean we
should. It might take too long to market
to customers, be served by alternate means, be
unrecoverable in terms of realizing an
investment. No longer do we make the
judgment “build it and they will come” or
perform similar “guessing in the dark” exercises
about a potential market analysis or a social
media campaign. Using appropriate data
management and numerical techniques,
tangible results can be realized through insights
that facilitate the analysis of markets or provide
a value chain assessment with guidance for
future endeavors. This type of power will
influence businesses for the foreseeable future.
Those that can take advantage of it and
manage the incoming data will succeed; those
that cannot will never realize their full potential.

Continued to next page

For the data to be useful in addressing business problems, it must be properly managed.
Data management as a process is the lifecycle management of data from acquisition to

disposal. Prior to advancements in computing, data management consisted of paper copies
placed in filing cabinets. If someone needed a file, they could review the paper copy and
hopefully remember to replace it in the correct location. Today, data management provides
a stable solution that facilitates efficient data access to appropriate people that reside both
internally, such as the marketing team, and externally, such as suppliers, to the company.
The management of data includes the strategy, structure, and processes to access and store
data throughout the organization. Company data often consists of diverse data sources.
The marketing, sales, and customer service departments collect different types of data from
different sources. Marketing might collect information pertaining to customer responses to
promotions, the sales department likely maintains data on current and churning customer
accounts, and the customer service department acquires data through customer
interactions from telephone calls, email, or chatbots. Although the data collected is usually
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required in making quick decisions for the particular department, it is not held in a vault
only for their viewing. Most companies share access to data across functions or with
external partners as necessary. Good data management provides a foundation for the
delivery of high-quality data.

A major challenge of today’s data management is that the inbound data continues to
increase exponentially (Walmart, for example). These mountains of data are created
each day and must be cleaned, verified, and validated so they can be used at some time
in the future as high-quality data.

2.4 Data Quality

High-quality data is critical. Numerous success stories inspire current event articles
recognizing the use of data by companies in decision making—to improve products,
enhance customer relationships, adjust pricing strategies, and so forth. Unfortunately,
not all companies experience the same level of success, because data too often contains
errors that are not fixed. Coca-Cola used market research data of 200,000 people to
create the New Coke product, one of the worst recorded product flops of all time.
Based upon the research data, it was anticipated that consumers would adopt the new
product. Unexpectedly, however, the new product development was a total failure that
left customers upset, with 400,000 people expressing their dissatisfaction through phone
calls and letters. The data was of poor quality and incomplete. It excluded important
data, such as other predictors beyond taste—for instance, purchase behavior.

There is a common adage that people use when referring to deficient data quality:
“garbage in, garbage out.” The statement is reflected in the Coca-Cola example. If the
database contains poor quality data, results or decisions emanating from that data will
also be of poor quality. We can again follow the trail of bad data through a company to
recognize the impact on multiple groups of people. Inaccuracies in a supplier’s inventory
management system will lead to confusion for corporate retail buyers whose job it is to
maintain appropriate levels of products in stores. An absence in products on the shelves
leads to frustrated store managers and disappointed customers who, in today’s digitally
connected environment, could effortlessly search for products elsewhere. Many
companies have adopted site-to-store pickup options, but if their inventory is not current,
then customers could place orders expecting to receive the item within a few hours, but
receive a notice indicating the product is no longer in stock. The customer must then
start from ground zero by either searching and purchasing the product from a
competitor or online. Inaccurate data, missing fields, or data isolated in disparate
sources can also be drivers of underperforming employees and dissatisfied customers.

If you consider the growth of data sources and vast amounts of data being generated, it
is easy to comprehend how the quality of data might be negatively impacted. Customers
or employees can easily input incorrect data by typing an incorrect ZIP code, using an
invalid email address, misspelling a name, or inputting a decimal in the wrong location.
These mistakes might seem harmless, but contemplate the effect of misspelled names.
Jonh Smith, Jon Smith, and John Smith happen to be the same person but are
currently registered as separate accounts in the company’s CRM system, resulting in
disconnected historical interactions by the same customer. This becomes an issue when
the company decides to identify high-value customers based on purchase history. This
customer would likely be eliminated because the transactions are divided into several
customer names and subsequently smaller purchase amounts.

Let’s examine another scenario. Consider purchasing your car at a dealership, then
returning for regular service. If you purchase a service contract, for example, your car
service is free for the first two years of purchase or 25,000 miles—whichever comes
first. You schedule maintenance for your car to discover that the dealership’s records
indicate you already had your 25,000-mile service, even though you are positive the last
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maintenance visit was for 20,000 miles. They are using multiple software systems to
store customer data and must investigate the claim prior to scheduling an appointment.
As a result, the situation requires more of your time to search for vehicle maintenance
records and to call back to verify they located the correct information. Data quality
issues such as these—whether a result of incorrect data, missing data, or disconnected

systems—are all too common and frequently lead to frustrated customers. Lack of
quality data can also result in consequences to company employees because critical
decisions are based upon data that is available to them in the system.

Continued from previous page 38

40

PRACTITIONER CORNER

Peter Drewes | Business Intelligence, Intellectual Property and Strategy

at Lockheed Martin

“Garbage in, garbage out.” What are some
major challenges companies encounter with
data quality issues?

First and foremost is to determine how well a
company follows their data governance policy.
This will set the stage for everything following
data collection. How is data collected, verified,
and validated? How is it cleaned and parsed
for later usage? These are all key elements in
the reduction of the “garbage in” problem.
Combining this with asking the right questions
will reduce, but not eliminate, the garbage out.

A couple of common data quality issues are
related to outliers or missing data. Are the
outliers more distant from the curve true
outliers or the data of interest? The dataset may
have completely clean data that is relevant and
useful, but still provides garbage output. In the
case of outliers, they can be useful depending
on the questions being asked, or they could
produce erroneous results. Another area to
consider is how missing data is addressed. One
philosophy is to replace it with the mean to
reduce deviations. However, there are always
other questions to consider. Why is the data
missing? Was there a valid reason that caused
the data to be “missing”? Answers to these and
similar relevant questions provide the basis to
ensure usable information is provided
throughout the process.

What is the impact of bad data on decision
making?

The major problem with bad, inconsistent, or
biased data is that often times nothing jumps
out to indicate the results are invalid.
Technology will run analytics models for many
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hours through many terabytes of data to
develop conclusions, but that does not mean
the results are always correct. Analysts need to
use training datasets to develop initial models
that identify errors and revise as necessary.
But in the real world, training datasets are not
applied often enough because they reduce
system efficiency and increase overhead costs
to get to the answer. It is this recursive training
using multiple datasets, however, that allows
algorithms and data to be continuously
analyzed and improved. If a test set of the
highest 20 percent of data is used, does that
change the results? What about using the
lowest 20 percent? Which datasets will change
the system conclusions? Examining questions
such as these will yield more valuable
information. Since we are relying on systems
to provide a “faster” look at the data than we
can do by hand, it becomes more challenging
to watch the algorithms do their job given
the volume of inbound data. This level of
carelessness leads to business decisions we
would never make if we had better data.
Another key area is the garbage in, hallelujah
out concept. When biased or bad data isn’t
corrected, the results are skewed or potentially
bad. However, since the algorithms and process
have been approved and validated, we tend to
trust the algorithms and the output data is
believed to be true. Results are then often run
up and down the management chain as good
news (the hallelujah portion). But later when
performance isn’t met, or the biases are found,
the decision-making process is questioned,
reducing the chance management will accept
the next analytical solution.
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Unfortunately, when data are of poor quality, insights produced by marketing analytics
will be unreliable. Data are important, but high-quality data is critical in developing an
accurate understanding of trends and purchase patterns and in maintaining customer
satisfaction. For data records to be valuable, they have to be timely, accurate, complete,
and consistent. Many times, unsatisfied customers are a result of poor data quality.

Consider the restaurant chain example from Chapter 1. Restaurants are using a variety
of data sources and machine learning to determine where to locate their next
establishment. Included in the analysis might be internal information such as existing
stores and competitor locations, store sales, area demographics, and traffic patterns,
and could conceivably include lifestyle information such as healthy eating preferences
of area customers from social media. What might be the financial repercussions of
inaccurate data from a single one of the sources mentioned? Restaurants are relying
upon the combination of this data as the foundation for Al driven analyses. Results
will guide decisions to optimize placement and predict sales of new locations.
Inaccuracies will taint the data and produce false information. Data has the potential
to be a valuable resource for companies. But poor quality data can have a significant,
negative impact.

Although data quality can be measured by numerous dimensions, the most common are
timeliness, completeness, accuracy, consistency, and format:

» Timeliness: Have you ever found a product you wanted to quickly purchase at a
brick-and-mortar store, but could not access a mobile phone or internet service to
determine if it was available elsewhere at a lower price? You then left the store after
purchasing the product only to realize a competitor was selling it for much less. The
lack of timely information led to a decision that might have changed if the
information was available when needed. Similar scenarios occur in other purchasing
situations. Real-time data such as customer social media sentiment, responses to
marketing campaigns, online and offline customer behavior patterns, customer
service chatbots, or call centers are all critical in making current decisions. If
customers communicate their dissatisfaction on social media or through call centers,
companies prefer to know this sooner rather than later. They can then respond as
quickly as possible in an effort to lessen damage to the brand. Having a complete set
of data is also important to responding in a timely manner.

* Completeness: Imagine if a company wanted to send an email follow-up to their best
customers and did not collect email addresses or wanted to personalize a
communication using a first name, but it only had access to initials. Data
completeness means maintaining the sufficient breadth, depth, and scope for the
particular task. In this case, the company would need to forgo or delay the email
campaign or personalized communications because the data was incomplete.

» Accuracy: Data accuracy is the extent to which the data is error-free. Is the data
correct, reliable, and accurately measured? If it is, then decisions more often result
in a favorable outcome.

» Consistency: Data inconsistencies can lead to embarrassing dilemmas and
uncoordinated strategic decision making. Consider Nestlé USA as an example. The
labeling of vanilla was different from one division and factory to another. When the
data was being evaluated for integration, the inconsistent values created confusion
and there was no efficient way to reconcile the differences. Because the data was
inconsistent, the company was unaware the same supplier was charging different
prices for each division and factory, when everyone should have realistically been
paying the same price.

* Format: Format is the extent to which the information is adequately presented or
delivered for efficient and effective understanding. When one person recently visited
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a Dallas, Texas, emergency room, the patient reported returning from a trip outside
the country to the nurse, who documented the information. But the hospital later
reported that although the records were accessible to the physician, his immediate
computer screen did not contain the information and the patient was ultimately
discharged. Unfortunately, it was later discovered the patient had Ebola, a highly
contagious, often fatal disease and a panic ensued throughout the country. While
this is a serious example, many functional departments make decisions from
information dashboards. If the dashboard is difficult to read or clumsy to navigate,
the impact could be detrimental.

2.5 Data Understanding, Preparation,
and Transformation

For the curious mind, the idea of exploring data can be somewhat of a game. In a
game, you use available information in hopes of making the best decisions, while also
obtaining a high score or defeating your competitors. The data is used to satisfy an
outcome—in this particular scenario, the outcome is winning. Data inspires curiosity for
marketers because they are eager to use insights to strategize the next move. Marketers
desire to explore data as quickly as possible because data is basically useless until
analyzed. Consider rows and columns of data—there is no tangible benefit to data in
raw form. But do not get distracted by the excitement of discovering fascinating new
insights. There are important steps to consider in the process. Data is messy and must
be tidied up before being used.

Data Understanding

Recall the 7-step marketing analytics process that was introduced in Chapter 1. First,
marketers must grasp an understanding of the business. If there is a failure to
understand the business situation, the marketer will have a difficult time defining the
right business problem and asking the right questions.

Continued from previous page 40

PRACTITIONER CORNER

Peter Drewes | Business Intelligence, Intellectual Property and Strategy
at Lockheed Martin

Why is it so important that marketing
analysts have a thorough understanding of
the business and existing data?

Everything is related to asking the right
question. If you ask the wrong question, you
are heading toward a useless business
answer. This is never done intentionally, but
preventing this misstep requires a thorough
understanding of the business processes,
existing data, needed data, marketing and
business outcomes. If only one person
understands all of this, either their
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judgement must be completely trusted, or
others should be brought up to speed to
discuss different parts of the analysis.
Without a collaborative, top-down view,
everyone is operating in a silo environment.
This may achieve local goals while creating
system-wide inefficiencies. Thus,
management and analysts must be able to
see eye to eye and understand the same
problem from the same perspective. System-
wide efficiency can only be obtained
through this understanding.
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Understanding available data is also critical to correctly addressing the desired business
problems and reducing the potential for inaccurately reporting results. It might seem
obvious to confirm you understand the data, but individual data fields are easily
overlooked when dealing with large datasets. Pretend your company is struggling to
understand sales over the last three years and your supervisor requests an analysis of
sales data. Your job is to simply compare sales on an annual basis. You notice that the
unit of measure for sales figures is reported monthly, and so you simply create an
annual column for each year. In doing so, however, you do not realize the dataset only
contained six months for the third year. Unfortunately, the mistake is not found until
presenting the information, which erroneously reports third year sales have plummeted.
Without a proper data understanding, you made an error in analyzing the data and the
annual sales comparison is incorrectly reported.
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“Chaos to Clarity.” What are several key
steps in the role of data cleaning and
preparation (e.g., merging, aggregating) that
are necessary for a marketing analyst to
understand prior to data analysis?

Data analysis is the logistical execution of
the data algorithms selected based on the
questions to be answered. Following
appropriate data management, the real
work is done during the preparation and
cleaning based on the question
requirements. The design of the
experimentation and the methods that will
be used to test the data and algorithms
should align with how the data is structured.

Data Preparation

Extensive use of descriptive statistics and data visualization methods is necessary to
gain an understanding of the data. First, the data must be properly prepared. During
the process of preparing the data, tasks may include identifying and treating missing

Therefore, merging sources or aggregating
values might be necessary in answering
certain questions.

The data governance process begins with
studying what structured and unstructured
data will arrive, how often it will arrive, what
transport mechanism is involved (loT, web
socket, Excel sheet, or napkins). What does
the timing mean compared to the decision |
need to make? Having perfect data organized
and correlated is a wonderful thing. But if the
data is available six months after a corporate
strategic decision is needed, it offers no value
and can potentially hurt the company making
decisions with only the data available at that
moment.

values, correcting errors and removing outliers in the data, deciding on the right unit of
analysis, and determining how to represent the variables.

Feature Selection In most data analytics projects, the analyst will have access to
ample data to analyze a model. For this reason, it is important to pay close attention to
the variables (also known as features or predictors) included in the model. In situations
like these, the data is likely to have a large number of features. Some of these features
(e.g., person’s height and weight) might be highly correlated or measure the same thing.
Other features could be completely unrelated to the variable of interest or the target
variable. If features are correlated with each other or unrelated to the target variable,
this can lead to poor reliability, accuracy, and what is referred to as overfitting of the
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model. But what is overfitting? Consider a dataset with 100 individuals, 40 percent of
whom have purchased products at the same company before. Information about
interest, income, number of children, neighborhood ZIP code, and past purchase
behavior might do a good job predicting whether or not someone will purchase the
product. But if we keep adding additional predictors such as height, number of pets,
weight, and hair color, the accuracy of the model will likely improve.

This performance may be misleading, however, because it probably includes spurious
effects that are specific to the 100 individuals, but not beyond the sample. Overfitting
occurs from an overly complex model where the results are limited to the data being
used and are not generalizable—which means future relationships cannot be inferred,
and results will be inconsistent when using other data. Always keeping every variable
available in the model is not necessary and often misleading. The analyst can determine
which variables are sufficient to retain for the analysis. It is important, therefore, to
know the features to include and which to eliminate to confirm that the model
represents key variables of interest. Keeping too many variables can be unnecessary to
achieve good model results and is costly to manage in terms of computer processing
power. Typically, this step involves consulting stakeholders with domain specific
knowledge (i.e., individuals with knowledge of the data and the business process) to
ensure the features included are important from the end-user perspective.

Sample Size As with feature selection, sample size is an important consideration.
Political polls often report results of a certain sample size. Surveying every voter is
impossible; therefore, these analyses focus on smaller, more reasonable proportions of
the population. Sample size recommendations are based on statistical analysis concepts
such as a power calculation. A power calculation helps determine that outcomes will be
estimated from a sample with a sufficient level of precision. In a data mining project
with a large dataset, the goal typically is not to estimate the effect size but to predict
new records. When the goal is accurate prediction, a large sample of several thousand
records is often required.

Unit of Analysis A unit of analysis describes the what, when, and who of the
analysis. To identify the appropriate unit of analysis, the first step is to identify the
target (outcome) variable. Let’s say we are trying to predict whether a customer is
likely to churn (leave our business), then the customer is the unit of analysis. On the
other hand, if the purpose is to predict brand satisfaction, then the brand is the unit of
analysis. If a business is trying to determine the price of a mobile phone subscription
plan for different customer levels, then the unit of analysis is the subscription rather
than the person. At times, the unit of analysis may not be obvious. Therefore, it is a
good practice to collaborate with other subject matter experts to collectively determine
the correct unit of analysis.

Missing Values It is common to have missing records for one or more of the
variables in the dataset. Missing values result from various scenarios such as customers
that, due to time constraints, overlook and leave fields blank. This creates a problem
because analysts must make adjustments for missing data. There are several options to
address missing data: (1) Imputing missing values with estimated new values (mean,
median, regression value), (2) omitting the records with missing values, and (3)
excluding the variables with the missing values.

If among 35 variables, the average sale is missing for only three records in that
variable, we might substitute the mean sale for the missing records. This will enable us
to proceed with the analysis and not lose information the record has for the other 34
complete variables. The imputation options are recommended when the missing values
are missing at random and typically include the mean, median, and mode. For example,
suppose the average sale for all customers is $45,000, marketing analysts could decide
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to use this value to replace the missing value for sales. Another option with missing
values is to predict the missing value using regression or decision tree induction. For
example, customer sales values might be missing. Relying on the other customer
attributes in a dataset, we could use a decision tree to predict the missing values for
sales. The missing values can then be replaced with predicted values using the results
of the decision tree.

Removing incomplete observations when the number of missing values is small is also
a reasonable option. It is important, however, to consider if the missing values are
missing at random or if there is a pattern or reason for the missing values. For
example, in a study of the relationship between product satisfaction and product
performance, if participants with an above-average satisfaction skip the question “Rank
the product performance,” analyses may not identify the relationship between product
performance and satisfaction. Information such as this is essential to understanding the
relationships between variables.

When observations are missing for a large number of records, dropping the records will
lead to a substantial loss in the dataset. It is good in cases like this to examine the
importance of the variables with large missing values. If the variable is insignificant in
the prediction of the model, it can easily be excluded. If the variable is a key indicator,
however, then marketers must determine if it is worth the investment to collect data
and obtain the missing records. When working with large datasets, removing many
observations with missing values might have no effect on the overall analysis. This is
particularly valid when the variable dropped has a high correlation with another
variable in the dataset, and thus the loss of information may be minimal.

Outliers Values that are at a considerable distance from any of the other data clusters
are considered outliers. In large datasets, outliers are typically detected using a statistical
test that assumes a distribution model of the data or distance measures. As a rule of
thumb, an outlier is often determined as anything over three standard deviations from
the mean. Although not grounds for immediate removal, outliers should be investigated
further. For example, we know that an age observation of 140 indicates an error.
However, it might be determined that an observation of 100 is within the possibility of
accurate data and should be retained for the analysis. In cases when only a few outliers
exist, removing them from the dataset is warranted. Most of the time, outliers need to
be removed from the model as noise. In some applications such as fraud detection,
however, these rare outlier events are what the model is trying to predict.

Consider several customer income levels in a dataset: $5,000, $45,000, $48,000,
$50,000, $100,000,000. As a marketer, you are developing pricing strategies based
upon customer demographics. In this simple case, two values stand out as obvious.
The income levels of $5,000 and $1,000,000 do not conform with the general behavior
of the data. You would need to decide whether the customers with an income of
$5,000 or $1,000,000 would skew the results of purchase behavior based on the price
of your product. To examine existing outliers in a data analytics project, we can review
the maximum and minimum values for each variable. Are there values falling toward
the minimum or maximum points of the value distribution? Here, the customer
reporting an income of $1,000,000 would fall toward the maximum point of
distribution. Another method of identifying outliers is to use cluster analysis, where
groups are created based upon similarities to determine if any observations have a
considerable distance to other clusters.

For a more detailed explanation of how to assess and deal with these data issues, refer to
Hair, Babin, Anderson, and Black (2018).11 Once data has been cleaned, the marketing
analyst should determine whether the data warrants further transformation through
aggregation, normalization, new variable construction, or generalization of the data.
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Data Transformation

* Aggregation: During this process, summary operations are applied to the data. For

example, the weekly sales data may be aggregated to calculate the total sales by
month, quarter, or year. This is a key process to help prepare data at the unit of
analysis necessary for insights.

Normalization: Variables (also known as features or predictors ) may include different
data ranges that vary greatly from each other. Some data might be measured weekly
and other data annually. To normalize a variable, we scale it by subtracting the
variable from the mean and then dividing it by the standard deviation.
Normalization helps us bring all variables into the same scale. Normalization
becomes critical in some data analytics techniques, such as cluster analysis, because
large values will dominate the distance calculation.

New column (feature) construction: A new feature (predictor or variable) can be
calculated based on other existing values. If a dataset consists of a sales date, a
marketer might want to know more about whether sales are more prevalent on
certain days of the week, months, or seasonally. Using the sales date, new columns
of data can be constructed by the day of the week, month, quarter, and year.

Dummy Coding: This process can be useful when considering nominal categorical
variables. A categorical variable is when the data represents one of a limited number
of categories. Geographic location (e.g., Northeast, Southeast, Northwest, Southwest,
Midwest) is an example of a categorical variable. In this case, geographic location is
considered a nonmetric variable and need to be re-coded using a process called
dummy coding. Dummy coding involves creating a dichotomous value from a
categorical value. This type of coding makes categorical variables dichotomous using
ones and zeroes. Dummy coding is covered in more detail in Chapter 5.
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(o 1B {I[e\VA Avocado Toast: A Recipe to
Learn SQL

One of Americans’ favorite “go to” breakfast is avocado toast. In fact, it is reported
that Americans spend almost $900,000 on avocado toast each month. How has this
growth impacted avocado sales over the last few years? We can use SQL to query basic
results that answer questions such as this and more. In this section, we will take a
closer look at avocado sales data over four years across the United States. In exploring
this data, you will learn how to manipulate 17,490 rows using SQL language. This
exercise will provide you with the knowledge to SELECT tables in SQL, JOIN data,
CREATE and INSERT new tables, and modify data using UPDATE.

Getting Started

As mentioned earlier in this chapter, one of the most popular databases is a relational
database. It is a framework made of tables (similar to a spreadsheet) where each row
(also known as a record) represents a set of related data describing a customer or a
product. On the other hand, each column (also known as a feature, predictor, or
variable) represents data such as company name, region, street address, quantity sold,
and so on. Exhibit 2-9 shows a subset of data in the avocado dataset. Columns include
region, average price, and type. The rows contain the data for this table (for example,
the first row shows Phoenix, 0.77, conventional).

Exhibit 2-9 A Subset of the Avocado Data (Year = 2018)

REGION AVERAGE PRICE TYPE
Phoenix 0.77 Conventional
Charlotte 1.23 Conventional
Denver 1.52 Organic
San Diego 1.15 Conventional

As previously mentioned, the way to manipulate data in a database is by using a query
language. One of the most popular query languages is SQL. To demonstrate how SQL
can be used to add and modify data, we will use SQLITE, a web version of SQL.
SQLite is an introductory tool, but it will enable us to explore the basics of SQL
programming. When you are ready to build a full application using an SQL server, this
basic knowledge will help you get started.

Understanding the Dataset

This data can be downloaded from the student’s resources page. The original data file
was downloaded from the Hass Avocado Board website in June 2019, and it represents
compiled weekly sales from 2016 to 2019 (until March 2019).12 The data comes directly
from retailers’ cash registers based on actual retail sales of Hass avocados. The Average
Price (of avocados) in the table reflects a per unit (per avocado) cost, even when
multiple units (avocados) are sold in bags. To get started, let’s review the data elements
in the table (Exhibit 2-10).

Case Study: Avocado Toast: A Recipe to Learn SQL
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Exhibit 2-10 Data Elements Represented in the Hass Avocado Data

VARIABLE NAME (TYPE) DESCRIPTION

observationid (typeless) | A unique identifier for each observation. This is a primary key
that is located across multiple avocado datasets. A primary key
can guide the integration of data from one table to the data of
another table, such as in the case of observationid.

region (string) The sales geographic location
year (date) The year of the observation
month (date) The month of the observation
quarter (date) The quarter of the observation
type (string) Conventional or organic

averageprice (numeric) | The average price of a single avocado

totalvolume (numeric) Total number of avocados sold

supplierid (typeless) A unique identifier indicating the supplier of the avocado. Note
that supplierid is a foreign key in the avocado table.

There are several tasks you will learn in SQL via the case study on how to prepare data
for analysis and answer questions about it.

After reviewing the data, what questions can you ask to better understand avocado sales
since 2016? Here are some ideas:

* What are the highest average prices customers are paying for a single avocado?

* What is the average price customers are paying per region?

* Where are avocados being sold over certain average prices?

* What is the average price that customers are paying in specific geographic regions?

* How can the data be aggregated to obtain the volume of conventional avocados per
quarter versus per week?

* How are regions performing by volume sales?

* What is the company and country origin for avocados supplied to each region?

You can use SQL for basic data analysis to answer these questions and more.

Applying the Concepts

There are several options for exploring SQL. For this short introductory exercise, you
will use an online platform.

Step 1: Visit the website https://sqgliteonline.com. Your screen should look like
Exhibit 2-11.
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Exhibit 2-11

&« & @ https://sqliteonline.com
W@ Table = L3
EE demo < 1 SELECT * FROM demo;
o View <
& Syntax <

Source: SQLite

Step 2: To explore the data, it must be imported into the SQLite Online platform
(Exhibit 2-12). Click on “Import” and then “Open.”

Exhibit 2-12

Import

import file name

“ Close

Source: SQLite

Step 3: Click “Open” and browse for the csv file “AvocadoData” that you downloaded
from the student’s resources page (Exhibit 2-13).

Exhibit 2-13

=-§ B = Data

<
0

SRR Nama Date Modified Size Kind Date Added

22 Dropbox B AvocadoData.csv

A, Applications

1 Google Drive
Cloud

m Documents

& iCloud Drive ()

[ Desktop
Locations

[ Haya's MacBo...

(@ Network

Options Cancel Open

Source: SQLite
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Step 4: After selecting “Open,” the data import specification will appear. Update “Table
name” to “tmp” (we will rename the table at a later step) and update “Column name”
from the drop-down menu to “First line.” Your selected options should match Exhibit 2-14.

Exhibit 2-14

Import

AvocadoData.csv

Type CSsV v
Table name tmp

Delimiter X -
Escape I -
Column name First line &

Close

Source: SQLite

Step 5: After selecting “Ok,” the data will upload and your screen should appear like
that shown in Exhibit 2-15.

Exhibit 2-15
© SQLite v A SQLite -
Table 1 SELECT * FROM demo;
B demo <
B tmp <

Source: SQLite

Step 6: You can now request certain information to begin exploring the data. In the
open text area, enter your SQL code to view all the data. This is accomplished by using
the asterisk * symbol. Perform this task by using the following query statement and
then clicking “Run” in the menu bar (Exhibit 2-16):

SELECT * FROM tmp;
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Exhibit 2-16

© salite - # SOLite 5 a0
Table | SELECT * FROM tmp;
@ demo
B tmp
i MaraDB
| Observatl...  Region Year Month Quarter Type Averageprice  Totalvolume  Supplierid
1B PostonsOL. 17088 MiamUFL Lau.. 2016 10 4 Organic 158 38855 A
© MssoL o | s3m Jacksorwile 2018 1 4 Organic 165 404.62 c
302 Ortando 2018 1 4 Organic 139 40529 &
16826 MiamiFL Lay... 2016 10 & Organic 148 arz.a2 A
& Syniax | 10am Mew Orleans/... 2017 8 2 Organic 249 515.01 c

Source: SQLite

Step 7: Next, you must modify the avocado table so each column is given the
appropriate data type. Because the Avocado table was created by importing the csv file,
SQLite Online does not know the data type of each column. Instead, SQLite Online
defaults each column to a string data type, which can be a problem for numerical
values that need to be sorted. This can be fixed by creating the Avocado table with the
appropriate column data types and then placing all the original data into the new table.

Step 7a: Perform this task by using the following DDL (data definition language) query
statement to create the Avocado table with each column’s appropriate data type
(Exhibit 2-17):

CREATE TABLE avocado(
observationid INT PRIMARY key,
region TEXT,
year INT,
month INT,
quarter INT,
type TEXT,
averageprice REAL,
totalvolume REAL,
supplierid TEXT

);

Exhibit 2-17

© SOLite - & SOLite 5 o0
Table | CREATE TABLE avocado
B damo 2 observationid INT PRIMARY KEY,
region TEXT,
| tmp ¢ J YEAR INT,
month INT,
i 3 quarter INT,
& Maral type TEXT,
averageprice REAL,
& PostgraS0L < 9  totalvolume REAL,
10 supplierid TEXT
© MssaOL ‘

Source: SQLite

Step 7b: Click “Run” in the menu bar. You will see a new avocado entry created under
“Table” (Exhibit 2-18).
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Exhibit 2-18

& S0OLite » # SOLite —
Table 1 CREATE TRBLE avocado:
# avocado 4 : observationid INT PRIMARY KEY,
3 region TEXT,
B demo ‘ 4 YEAR INT,
5 month INT,
B tmp § [ guarter INT,
| type TEXT,
o MarlaDB « 8 averageprice REAL,
g totalvolume REAL,
supplierid TEXT
& PostgreS0L € 110

Source: SQLite

Step 7c: Finally, copy all the data from the original tmp table into the Avocado table
you just created. Perform this task by using the following query statement and clicking
“Run” (Exhibit 2-19):

INSERT INTO avocado(

observationid, region, year, month, quarter, type, averageprice, totalvolume, supplierid)
SELECT observationid, region, year, month, quarter, type, averageprice, totalvolume,
supplierid

FROM tmp;

Exhibit 2-19

& S0OLite v # SCOlite 5 6
Table ! INSERT INTO avocado
B wiaada P observationid, region, YEAR, month, quarter, type, averageprice, totalvolume, supplierid
E demo < 4 SELECT observaticnid, region, YEAR, month, quarter, type, averageprice, totalvolume, supplierid
5 FROM tmp;
H tmp < &

Source: SQLite

Step 7d: Perform this task by using the following query statement and clicking “Run”
(Exhibit 2-20):

SELECT * FROM avocado;

Exhibit 2-20

& S0Lite - # SOLite o o
Table ! BELECT * FROM avocado;
& avocado ¥
D Calumn
B demo 4
H tmp
i Observati... Region Year Maonth Quarter Type
© MaraDB
17038 MiamiFt. Lau... 2018 10 4 Organic 1.58 385.55 A
0 PosigreSQL © | sas1 Jacksonville 2018 1 4 Organic 1.65 40462 c
© Mssal . | ess2 Orlando 2018 1 4 Organic 1.39 405.29 c
16826 Miami/Ft, Lau... 2016 10 4 Organic 1.48 472.82 A
10471 MNew Ordeans/... 2017 ] 2 Organic 219 515.01 c
& Syntax “ | 1e985 MiamifFt. Lau... 2016 10 4 Organic 1.58 542.85 A

Source: SQLite
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Step 8: In this step, you will learn how to drop a table from the database. Perform this
task by using the following query statement and clicking “Run” (Exhibit 2-21):

Drop TABLE tmp;

Exhibit 2-21
T SaLite # 50Lite 8 o 0
Table | DROF TABLE tmp;

BB avocado E

B demo [
& MariaDB

Source: SQLite

Step 9: You can view selected fields and sort your data. Suppose you are interested in
just looking at the average price paid for an avocado by region but want to sort results
by average price from high to low. Perform this task by using the following query
statement and clicking “Run” (Exhibit 2-22):

SELECT averageprice, region, year FROM avocado ORDER BY averageprice DESC;

From sorting the data from high to low, we see that San Francisco has the highest
average price from 2016.

Exhibit 2-22
# SQlite B o 0
| SELECT averagePrice, region, YEAR FROM avocado ORDER BY averagePrice DESC;
i Averageprice Region Year
3.25 San Francisco 2018
3.7 Tampa 2017
3.2 San Francisco 2018
3.05 Miami/Ft. Lauderdale 2017
3.04 Raleigh/Greenshoro 2017
3.03 Las Vegas 2018
3 Portland 2017
3 San Francisco 2017

Source: SQLite

Step 10: What if you want to focus on reviewing a smaller subset of the data? To create
smaller subsets, use a conditional statement (WHERE) to meet a condition. For
example, you would like to examine sales where the average price is a certain value.
You can include additional criteria (for example, region) to further narrow your query.
To include this type of criterion (region), use what is referred to as a logical statement
(AND, OR).

Maybe you would like to examine the average price of organic avocados in Charlotte,
North Carolina, that are greater than $2.50. In this query, we will need to include some
conditions that would limit the returned data specifically to the defined geographic
area. Perform this task by using the following query statement and clicking “Run”
(Exhibit 2-23):
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SELECT year, month, averageprice, region, type

FROM avocado WHERE averageprice > “2.5° AND type = ‘Organic’ AND region =
‘Charlotte’

ORDER BY averageprice DESC;

As you can see from the results, the highest average price of organic avocados sold in
Charlotte, North Carolina, was $2.83 in August 2017.

Exhibit 2-23

# SOlite B2 o O

| SELECT YEAR, month, averagePrice, region, type

? FROM avocado WHERE averagePrice > '2.5' AND type = 'Organic' AND region = 'Charlotte’
i ORDER BY averagePrice DESC;

1

f Year Month Averageprice Region Type
2017 8 2.83 Charlatte Organic
2017 9 2.82 Charlotte Organic
2017 9 2.8 Charlotte Organic
2017 4 2,58 Charlotte Crganic
2017 4 2.53 Charlotte Organic

Source: SQLite

Step 11: You need to better understand the total volume of conventional avocados in
quarter 1 of the last three years. You then want to sort by year from high to low. Perform
this task by using the following query statement and clicking “Run” (Exhibit 2-24):

SELECT region, Round((totalvolume),0) as totalvolume, averageprice, month, year FROM
avocado WHERE quarter = ‘1° AND type = ‘Conventional’ ORDER BY year DESC;

We see in this image that, in the first quarter of 2019, a total of 79,041 conventional
avocados were sold in the Syracuse region at an average price of $1.16 in January.

Exhibit 2-24

# SOlite I »

1 SELECT region, Round totalVolume  ,0) AS totalVelume, averagePrice, month, YEAR FROM avocado
? WHERE quarter = '1' AND type= 'Conventional’ ORDER BY YEAR DESC;

i
]
[+]

i Region Totalvolume Averageprice Meonth Year
Syracuse 79041 1.16 1 2019
Syracuse 78284 1.19 2 209
Spokane 82073 13 2 2019
Syracuse 85397 1.18 3 2019
Syracuse 85815 1.2 3 2019
Syracuse 88470 14 2 2019
Albany 89104 1.25 1 2019
Syracuse 90713 112 1 2019
Syracuse 92371 111 2 2019

Source: SQLite
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Step 12: Another way to return a selected set of data that meets multiple criteria is
using the statement IN. For example, if you want to understand only two cities from
the results in step 9, consider returning all the fields to limit the focus on just those
two cities—in this case, Boston and San Francisco. Perform this task by using the
following query statement and clicking “Run” (Exhibit 2-25):

SELECT * FROM avocado WHERE region IN (“Boston”, “San Francisco”);

Now, you only see results from Boston and San Francisco in the first quarter of 2019.

Exhibit 2-25

# SQLite BE o 0
1 SELECT * FROM avocado WHERE region IN | “Boston', "San Francisco" ;

i Dbservati... Region Year Month Quarter Type A gepri Totalvol Supplierid

16435 Boston 2016 a8 3 Organic 1.23 Ti7s A

16320 Boston 2016 T 3 Organic 1.14 7313.26 A

14739 Boston 2016 1 1 Organic 1.26 7829.12 A

11188 Boston 2017 2] 3 Organic 1.47 7698.45 C

14792 Boston 2016 1 1 Organic 1.32 7751.94 A

16965 Boston 20186 10 4 Organic 1.32 8153.98 A

14951 Boston 2016 1 1 Organie 1.52 8221.86 A

10696 San Francisco 2017 7 3 Organic 2.45 8311.12 C

Source: SQLite

Aggregation

Most times when you get a dataset, you will need to roll it up to a higher level. For
example, you can calculate the maximum average avocado price in our dataset, or the
sum of total Volume by quarter or year. To do this, you will need to add a function to
the variable you would like to roll up. For numeric type variables (e.g., averageprice,
totalvolume), you can use the SQL aggregate functions for a set of values: sum, min,
max, average, and so on (Exhibit 2-26). For categorical data (e.g., region and type), you
can use functions such as count. When using aggregate functions, the result will be
produced on a single row.

Exhibit 2-26 Aggregate Functions

FUNCTION RETURNS

AVG () The average value of the selected group.

COUNT () The number of rows that correspond to a certain feature.
MAX () The maximum value in a group.

MIN () The minimum value in a group.

SUM () The sum of values within a group.

Step 13: The averageprice column contains the average price of avocados by city and date.
What if you want to search for the highest average price that customers have paid to date?
Perform this task by using the following query statement and clicking “Run” (Exhibit 2-27):

SELECT MAX(averageprice) FROM avocado;
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You will see that the highest average price that customers paid was $3.25. You can also
use the MIN(averageprice) statement to find the lowest average price that customers
paid to date.

Exhibit 2-27
# SQlite B o 0

1 SELECT MAX averagePrice, FROM avocado;

i Max|averageprice)

3.25

Source: SQLite

Step 14: Suppose your data contains the month/day/year in a single column, but you
would like to examine data over each quarter instead. You can aggregate the total sales
volume by summing the values by quarter. Perform this task by using the following
query statement and clicking “Run” (Exhibit 2-28):

SELECT quarter, Round(SUM(totalvolume),0) as sum_totalvolume FROM avocado
GROUP BY quarter Order by quarter;

Using the Round function allows us to manage decimal places for totalvolume. As you
can see during quarter 1, customers from all regions purchased 354,984,036 avocados.

Exhibit 2-28

#& SQlite ] B o 0

| SELECT quarter, Round 5UM totalVolume),0 AS sum totalVolume FROM avocado GROUP BY quarter ORDER BY quarter;

i Quarter Sum_totalvolume
1 3540984036
2 2703990502
3 2434244184
4 1817354594

Source: SQLite

Build Your Own Supplier Table

Step 15: The dataset also contains supplier information. If you are needing to know
which supplier is providing avocados to certain cities, you might want to develop
another table with the supplier information. Perform this task by using the following
query statement and clicking “Run” (Exhibit 2-29):

CREATE TABLE supplier (supplierid TEXT PRIMARY KEY, name TEXT, country
TEXT);
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Exhibit 2-29

& SOLite v # SQLite a8 o

Table i CREATE TABLE supplier |supplierId TEXT PRIMARY KEY, name TEXT, country TEXT;
B avocado

E demo

i@ supplier < I

Source: SQLite

Add Data to Your Table

Step 16: To add data to your data, you can insert supplier id, name, and country
location. Perform this task by using the following query statement and clicking “Run”
(Exhibit 2-30):

INSERT INTO supplier (supplierid, name, country) VALUES (“A”, “Valex”, “Spain”);
INSERT INTO supplier (supplierid, name, country) VALUES (“B”, “Cresco Produce”,
“Thailand”);

INSERT INTO supplier (supplierid, name, country) VALUES (“C”, “Shinesun
Industry”, “Viet Nam”);

Exhibit 2-30

# SQOLite 2 o 0

I INSERT INTO supplier (supplierIld, name, country VALUES | "A", "Valex", "Spain” ;
Z INSERT INTO supplier |(supplierid, name, country) VALUES  "B", "Cresco Produce", "Thailand” ;
3 INSERT INTO supplier (supplierld, name, country, VALUES  "C", "Shinesun Industry”, "Viet Nam");

Source: SQLite

Join the Two Tables (MERGE)

Step 17: Currently, you have two tables. Table Avocado consists of observationid,
region, year, month, quarter, type, averageprice, totalvolume, and supplierid, and table
Supplier includes supplierid, name, and country. Note that supplierid is a common key
between the Avocado table and the Supplier table. It is a primary key in the Supplier
table, and it is a foreign key in the Avocado table. Thus, we can select attributes from
both tables by joining the tables using the common key (supplierid). Perform this task
by using the following query statement (Exhibit 2-31):

SELECT avocado.region, avocado.averageprice, supplier.name, supplier.country FROM
avocado JOIN supplier ON avocado.supplierid = supplier.supplierid;

This table provides data in a cohesive form. We can now see that Valex from Spain
supplied the product to the Miami/Ft. Lauderdale region where the average customer
price was $1.58.
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Exhibit 2-31
# SQLite B2 o

1 SELECT avocado.region, avocado.averagePrice, supplier.name, supplier.country
2 FROM avocado JOIN supplier ON avocado.supplierId = supplier.supplierld;

i Region Averageprice Name Country
Miami/Ft. Lauderdale 1.58 Valex Spain
Jacksonville 1.65 Shinesun Industry Viet Nam
Orlando 1.39 Shinesun Industry Viet Nam
Miami/Ft. Lauderdale 149 Valex Spain
New Orleans/Mobile 219 Shinesun Industry Viet Nam
Miami/Ft. Lauderdale 1.58 Valex Spain
Boise 1.67 Valex Spain

Source: SQLite

Update the Data

Step 18: Using SQL, you can change the values in any row and columns. For example,
Supplier A has started a new operation in Mexico that it will now be using to provide
avocados to the U.S. market. In this instance, the company’s location will need to be
changed from Spain to Mexico. Perform this task by using the following query
statement (Exhibit 2-32):

UPDATE supplier SET country = “Mexico” WHERE name = “Valex”;
Review your changes by using the following query statement:
Select* FROM supplier;

Exhibit 2-32

# SOLite 2 5 0

| UPDATE supplier SET country = "Mexico" WHERE name = "Valex";
i SELECT* FROM supplier;
4

¢ Supplierid Name Country
A Valex Mexico

B Cresco Produce Thailand
c Shinesun Industry Viet Nam

Source: SQLite
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Delete Values

Step 19: You might find that you no longer need to retain a row of data. Therefore, you
must delete it to prevent it from being included in future analyses. To illustrate this,
let’s start with displaying observationid 5. Perform this task by using the following
query statement (Exhibit 2-33):

Select * from avocado WHERE observationid = “57;
You now see observation 5 is visible on the screen.
Exhibit 2-33
# SOlite = oa

| SELECT * FROM avocado WHERE observationId = *5";

i Observati... Region Year Menth Quarter Type Averageprice I PP

5 Boston 2018 3 1 Conventional 1.32 835837.52 B
Source: SQLite

Step 20: We want to delete this observation from the data. Perform this task by using

the following query statement (Exhibit 2-34):

Delete from avocado WHERE observationid = “5”;
Select * from avocado;
As you see, observation 5 no longer exists in the table.

Exhibit 2-34
# S0Lite B 13

| DELETE FROM avocado WHERE observationld = "5°;
2 SELECT * FROM avocado;

t Observati... Region Year Month Quarter Type Averageprice Totalvolume Supplierid
17038 Miami/fFt, Lau... 2016 10 4 Organic 1.58 385.55 A
6381 Jacksonville 2018 1 4 Organic 1.65 404.62 c
6392 Orlando 2018 11 4 Organic 1.39 405.29 c
16626 Miami/Ft. Lau... 2016 10 4 Qrganic 1.49 472.82 A
10471 New Orleans/... 2017 6 2 Organic 219 515.01 o
16985 Miami/Ft. Lau... 2016 10 4 Organic 1.58 542 85 A

Source: SQLite

In this section, you have learned how to query data using SELECT in one table and
across tables using JOIN, how to create a table using CREATE and INSERT, and how
to modify data using UPDATE. Each query is helpful in identifying different pieces of
information. By experiencing SQL, you have discovered how databases work. It is
important to remember that the ideas you have learned here are just the beginning of
your journey with SQL.

We encourage you to find more ways to work with SQL. Here are a few options for you
to explore:

* Google’s BigQuery: This Google database solution does not require a server and
allows you to use SQL-like language to query and manipulate the data. BigQuery
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allows analysis in real time. It allows for 1 TB of data and 10 GB of data for
free each month. To learn more, visit the Google BigQuery documentation at
https://cloud.google.com/bigquery.

MYSQL on the server-side: SQL can be used to manage data that is on the server
side. You can set up a server-side database and access it using a client-based MySQL
workbench used for data modeling, SQL development, and user administration. To
learn more, review the MySQL documentation at www.mysgl.com/products/
workbench.

* Amazon Aurora: This relational database on Amazon Web Services is five times

faster than MYSQL. Aurora is set up using Amazon Relational Database Service
(RDS) on the virtual server. Data can be loaded into Aurora from MySQL and
PostgreSQL. The data is backed up continuously on Amazon S3 servers to ensure
reliability disaster recovery. To learn more, review the Aurora document at
https://aws.amazon.com/rds/aurora/getting-started.
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Summary of Learning Objectives and Key Terms

LEARNING OBJECTIVES

Objective 2.1 Define big data and summarize the journey from big data to smart data.

Objective 2.2 Discuss database management systems, relational databases, and SQL

query language.

Objective 2.3 Investigate the key elements of enterprise data architecture.

Objective 2.4 Define the dimensions of data quality and describe the importance of

performing marketing analytics.

Objective 2.5 Explain the importance of understanding and preparing data prior to

engaging in analytics.

KEY TERMS
Aggregation Database Sample size
Big data Feature Smart data
Categorical variables Generalization of data Structured Query Language
L
Cluster analysis Hadoop (SQ ) )
o Unit of analysis
Data lake Normalization
Value
Data management Outlier Variety
Data mart Overfitting Velocity
Data quality Power calculation Veracity
Data warehouse Relational database Volume

Discussion and Review Questions

1.
2.

Define and describe the characteristics of big data.

Why is it important for marketers to have a basic understanding of the
fundamentals surrounding data management?

. What are some characteristics of data quality that need to be examined to avoid

invalid analytics results?

. How is the data prepared in ETL?

5. Explain several tasks that might be involved when preparing data for analysis.

. What are some basic questions you can answer by querying data from a

relational database using SQL?

Critical Thinking and Marketing Applications

1.

Congratulations, you were just hired as a marketing analyst for a large company.
The VP of Marketing has asked you to examine how the company might
improve sales. What data might be helpful in your exploration? Where might you
locate the data needed? What questions should you ask first?

Critical Thinking and Marketing Applications 61



2. Consider the avocado data within the Case Study. What additional data fields
might be necessary to explore the following questions:

a. What is the average income of customers in the cities that yield the largest
sales?

b. Do weather patterns impact the sale of avocados each week?

c. Does social media chatter influence the purchase of weekly avocado sales?
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Sample Syllabi

Data Driven Marketing Decisions

COURSE INFORMATION

This course examines how data analytics can be used to improve marketing decision-making. Students will be
introduced to the fundamental principles and techniques of data analytics. In addition, they will develop data-
analytics thinking and that proper application is as much an art as it is a science. The course incorporates real-world
examples and cases to place data analytics techniques in context, to develop data-analytics thinking. In addition,
students will work “hands-on” with data analytics software. The purpose of this course is to enhance student
knowledge of emerging analytic techniques, tools and applications to business and marketing problems.

Data Driven Marketing decisions is delivered 100% online. Video presentations will accompany each topic in D2L
and there will be four live (optional) Zoom meetings scheduled at the beginning of each module.

COURSE OBJECTIVES

« Define marketing analytics concepts
and methods.

- Distinguish between basic data structures
and the quality of data sources.

« Evaluate when to use different technology and

analytical techniques to meet organizational goals.

- Formulate relevant questions from raw data that
align with the business and marketing strategy.

Differentiate between the strategic uses of
quantitative methods for answering different business
questions.

Investigate data and evaluate results through the
use of advanced marketing analytics technology
solutions.

Develop strategies to effectively communicate the
practical application of analytical processes and insights
to various stakeholder groups.

ESSENTIALS OF COURSE REQUIREMENTS // Textbooks, Readings and Software

MARKETING

ANALYTICS Hair, Joseph F., Jr.,, Harrison, Dana E. & Ajjan, Haya. (2021).

The Essentials of Marketing Analytics, 1st Ed., McGraw Hill.

Any additional course readings (e.g., academic journal articles, industry articles)
will be made available to students in D2L within the corresponding week’s module.

Software: RapidMiner, DataRobot, Python and Polinode

ASSIGNMENTS // Due dates for class assignments will be located in the D2L course calendar.

Class Participation: Students will use the course Packback discussion board to evaluate and analyze how
companies are using marketing analytics tools and techniques in decision making. Additional information, including

how to access Packback is posted in the D2L course site.

Knowledge Checks: Students will take online, multiple choice, knowledge checks that are accessible in the D2L

course assessment folder.

Case Study Responses: Students will complete case studies using the outline in D2L and develop a PPT
presentation containing five slides that summarize the following: Business Understanding, Data Understanding,
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Analytical Methods and Tools, Data Evaluation, and Strategic Decisions. The PPT should tell a story and be
visually appealing. Case study responses will be submitted to the appropriate D2L course Dropbox.

Term Project: A term project report will be prepared by teams consisting of three students each. Teams

are encouraged to interact with the instructor electronically or face-to-face in developing their project
presentations. You will submit a proposal for your project during week 5. Each team will present its final project
during the last week of the semester. Additional project requirements will posted on the D2L course site.

GRADING

Class participation 10% // Knowledge Checks 20% // Case Study Responses 40% // Term Project 30%

Module Week Topic Readings
Overview of Marketing 1 Introduction to Marketing Analytics Chapter 1
Analytics and Data
Management 2 Data Management: Data Types and Data Quality Chapter 2
3 The Grandfather of Supervised Learning: Chapter 5
Regression Analysis
Case: Need a Ride? Predicting Prices that
Customers Are Willing to Pay using RapidMiner
Analytica Methods 4 Neural Networks Chapter 6
L Superwsed 5 Airline Industry: Understanding Customer Satisfaction
Learning . . .
using Rapid Miner
6 Supervised Learning: Automated Machine Learning Chapter 7
7 Loan Data: Understanding When and How to Support
Fiscal Responsibility in Customers using DataRobot
8 Unsupervised Learning: Cluster Analysis using K-Means Chapter 8
to Segment Your Customers
9 Online Perfume and Cosmetic Sales:
Analytica Methods Understanding Customer Segmentation through
for Unsupervised Cluster Analysis using Python
Learning
10 Market Basket Analysis Chapter 9
" Online Department Store: Understanding Customer
Purchase Patterns using Rapid Miner
12 Natural Language Processing Chapter 10
13 Specialty Food Online Review: Understanding
Emerging Analytics Customer Sentiments using Python
Approaches 14 Social Network Analysis Chapter 11
Auto Industry: Understanding Network Influencers
using Polinode
15 Final Project Presentations (Conducted using Zoom)
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Sample Syllabi

Marketing Research and Analytics

COURSE INFORMATION

This course examines the marketing research process and how data analytics can be used to improve marketing
decision-making. Students will be introduced to project planning and design, data collection and analysis, and the
preparation of reports in support of an overall business strategy.

The course incorporates real-world examples and cases to place marketing research and analytics techniques in
context, to develop data-analytic thinking, and to illustrate that proper application is as much an art as it is a science.
In addition, students will work “hands-on” with data analytics software. The purpose of this course is to enhance
student knowledge of emerging analytic techniques, tools and application to business and marketing problems.

Data Driven Marketing decisions is delivered 100% online. Video presentations will accompany each topic in D2L
and there will be four (4) live (optional) Zoom meetings scheduled at the beginning of each module.

COURSE OBJECTIVES

- Define marketing analytics concepts
and methods. - Differentiate between the strategic uses of quantitative

methods for answering different business questions.
- Distinguish between basic data structures

and the quality of data sources. - Investigate data and evaluate results through the use

of advanced marketing analytics technology solutions.
- Evaluate when to use different technology and

analytical techniques to meet organizational goals. - Develop strategies to effectively communicate
the practical application of analytical processes
- Formulate relevant questions from raw data that and insights to various stakeholder groups.

align with the business and marketing strategy.

oo COURSE REQUIREMENTS // Textbooks, Readings and Software
MATRNALY Tics Hair, Joseph F., Jr., Harrison, Dana E. & Ajjan, Haya. (2021).

The Essentials of Marketing Analytics, 1st Ed., McGraw Hill.

Any additional course readings (e.g., academic journal articles, industry articles)
will be made available to students in D2L within the corresponding week’s module.

Software: RapidMiner, DataRobot, Python and Polinode

ASSIGNMENTS // Due dates for class assignments will be located in the D2L course calendar.

Class Participation: Students will use the course Packback discussion board to evaluate and analyze how companies
are using marketing analytics tools and techniques in decision making. Additional information, including how to
access Packback is posted in the D2L course site.

Knowledge Checks: Students will take online, multiple choice, knowledge checks that are accessible in the D2L
course assessment folder.

Hootsuite Social Media Certificate: Students will be introduced to Hootsuite for social media. Students will learn the
following: introduction to social media networks and researching appropriate strategy, optimizing your social media
profiles, social media strategy A-Z, building your advocate community, social content marketing and social advertising
fundamentals. Registration information is located in the content section of D2L. This training is free and students are
expected to pass. Upon completion of the training, students should submit a copy of their certificate with their name
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to the appropriate D2L Dropbox.

Google Analytics for Beginners Certificate: Students will be introduced to Google Analytics for digital
marketing. Students will learn the following: navigating the Google Analytics interface and reports, developing
dashboards, analyzing basic audience, acquisition and behavior reports, as well as, establishing goals and
campaign tracking. Registration information is located in the content section of D2L. This training is free and
students are expected to pass. Upon completion of the training, students should submit a copy of the certificate
with their name to the appropriate D2L Dropbox.

Case Study Responses: Students will complete case studies using the outline in D2L and develop a PPT
presentation consisting of five slides that summarize the following: Business Understanding, Data Understanding,
Analytical Methods and Tools, Data Evaluation, and Strategic Decisions. The PPT should tell a story and be
visually appealing. Case study responses will be submitted to the appropriate D2L course Dropbox.

Term Project: A term project report will be prepared by teams consisting of three students each. Teams

are encouraged to interact with the instructor electronically or face-to-face in developing their project
presentations. You will submit a proposal for your project during week 5. Each team will present its project
during the last week of the semester. Additional project requirements will be posted on the D2L course site.

GRADING

Class participation 10% // Knowledge Checks 20% // Hootsuite Social Media Certificate 10% //
Google Analytics for Beginners Certificate 10% // Case Study Responses 20% // Term Project 30%

Module Week Topic Readings
. . 1 Introduction to Marketing Research and Analytics Chapter 1
Overview of Marketing
Research and 2 Data Management and Preparation
Analytics .
3 Case Study: Avocado Toast: A Recipe to Learn SQL Chapter 2
4 Exploratory Data Analysis Using Cognitive Analytics Chapter 3
5 Explore Cognitive Analytics. A Closer Look at
Exploring and Online Customer Experience using IBM Cognos
Analyzing Data
Patterns 6 Data Visualization Chapter 4
7 Telecommunications: Optimizing Customer Acquisition
Using Tableau
Analytical Methods 8 The Grandfather of Supervised Learning: Regression Analysis Chapter 5
for Supervised 9 Case: Need a Ride? Predicting Prices that Customers
Learning Are Willing to Pay using RapidMiner
Analytica Methods 10 Market Basket Analysis Chapter 9
for Unsupervised n Online Department Store: Understanding Customer
Learning Purchase Patterns using Rapid Miner
12 Social Network Analysis Chapter 11
. i 13 Auto Industry: Understanding Network Influencers using Polinode
Emerging Analytics
Approaches 14 Fundamentals of Digital Marketing Analytics Chapter 12
E-Commerce: The Google Online Merchandise Store
using Google Analytics
15 Final Project Presentations (Conducted using Zoom)
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By ==

Support at Every Step

Student Resources
) SmartBook® adaptive reading experience, integrated data analytics, and adaptive learning/study tools
(via Connect and free SmartBook app, iOS and Android).

(@ LMS-integrated Connect" platform, with a variety of WCAG 2.0 compatible Application Exercises,
featuring videos with captions and transcripts.

¥ 14-day Courtesy Access at the start of each semester, with low-cost print upgrade option for students
who want a full-color printed version of the text.

@ 7 days/week Customer Experience Group student tech support (online, email, phone).

Faculty Resources

Analytics in SmartBook and Connect to help instructors tailor lectures and discussions, including
but not limited to:

() Connect’s AACSB-tagged quiz and test banks provide an easy testing solution, with reports like
theCategory Analysis Report saving time by providing a one-click solution for displaying mastery
of objectives at the individual, section, and course levels.

() Connect’s At-Risk Student Report provides a visual indicator a way to close the gap with students
lacking engagement.

(¥) SmartBook’s Most Challenging Learning Objectives Report helps both students and instructors
make data-driven decisions about time spent studying and in the classroom, providing insight on
the top content struggles for any given SmartBook assignment.

() LMS Integration keeps everything in one single, secure place, with personal setup assistance and
ongoing support from McGraw-Hill Education’s dedicated Implementation Consultants enhancing
the seamless experience.

(¥) Comprehensive instructor resources and support, including Instructor's Manual, PowerPoint slides,
engaging activities and more.

(V) Digital Success Academy Online Connect user guides, on-demand webinars, and how-tos.

() Technical support (Customer Experience Group) by phone, email or real-time chat.

(¥) Customized First-Day-of-Class Resources, to ensure a smooth start to your term.

(v) Digital Faculty Consultant network, for sharing best practices.
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Get Your Copy

Click here to learn more about all MHE Marketing titles.
Contact your McGraw-Hill Learning Technology
Representative for more details.
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