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“When I first read Nathaniel Lin’s Applied Business Analytics, I thought, ‘T wish I
had written this.” The points Nathaniel makes about analytics deciders hit a unique
target—managers who today don’t realize what it takes to drive business using
data. Having ‘analytics deciders” engaged at the ‘intersections’ makes it possible
for innovation to flow throughout the organization, like traffic cops in downtown
Manhattan. This is one of those books that you keep on your desk and refer to
as you build an analytics team. Here are all the things I loved about this book:
the Advanced Analytics Layer (it has immediate applicability); the case studies
(which are practical); and the hands-on approach with KNIME (the real-world
experience).”

—Theresa Kushner, Vice President Enterprise Information Management,

VMware and former Sr. Director of Customer Intelligence, Cisco

“Nathaniel has done a terrific job of capturing the key components needed to build
high-performing analytics to drive business growth. This is a ‘must read” for senior
executives involved in analytics for decision-making.”
—John F Carter, Senior Vice President, Analytics, Insight & Loyalty, Charles
Schwab

“Making analytics mainstream: There are scores of books on the application of
analytics to organizations, however, Applied Business Analytics is unique in two
respects. First, it identifies why organizations fail to truly leverage analytics to
achieve transformational outcomes. Second, it proposes a framework in which
business processes are modified to accommodate “analytics’ through a continuous
dialogue, rather than isolated analytical experiments. Forward-looking business
leaders who want to truly leverage Big Data and analytics to transform and lead
their organizations would do well to take to heart the core message of this book.”

—Prat Moghe, CEO of Cazena and former Senior Vice President of IBM Netezza

“Business analytics has developed into an area of intense focus for many
organizations, yet its successful application remains more art than science.
Nathaniel Lin’s Applied Business Analytics represents a significant step forward
in remedying that situation by enabling business leaders to create the teams and
business processes required to succeed with analytics. Business analytics is by

its nature a deeply technical topic, and Dr. Lin does not skimp on the technical
details, including meaty yet approachable hands-on exercises. Applied Business
Analytics keeps the technical discussion where it belongs: in clear service of well-
articulated and relevant business problems that provide the necessary context for
analytics projects to create meaningful value. No mere how-to guide, Dr. Lin’s book
provides a complete picture of the analytical organization, as well as the conditions
and processes required to develop and enable analytics deciders, the data-driven



change agents who propel organizations to move from gut-based decision making to
rational, evidence-based decision making. Packed with numerous real-world case
studies and war stories, Nathaniel Lin’s Applied Business Analytics is a solid starting
point for any executive seeking to transform an organization with analytics.”
—Adam Ferrari, CTO Crisply and Strategic Advisor Big Data and Vice President
of Product Development, Oracle, Former CTO, Endeca Technologies

“Leaders who are establishing a data-driven culture will benefit from the lucid
analytical process and methodologies that Nathaniel demonstrates in Applied
Business Analytics. The chapter about Analytics Eco-system includes a fantastic
comparison of different team structures that exist today.”

—Jane Chen, Head of Analytics Center of Excellence, Analog Devices

“I am positively impressed by Nathaniel’s book. This book has a unique position in
the marketplace, standing out as an insightful perspective balancing an ‘evangelist
book” and “technical how-to cookbook.” I appreciate Nathaniel’s thought leadership
and guidance.

“Applied Business Analytics is 70% business and technical context discussion and
30% of how to be effective in organizational framework. The most challenging

part of analytics leaders in today’s world is still the conflict or tension between
business drivers and technical details. That is why ‘analytics deciders” are critical for
maximizing analytics’ functional impact on businesses. Balancing ‘technical details
(how)” with ‘why analytics is critical to your success” and ‘what result you can (expect
to) achieve by building analytics capabilities” is challenging. Nathaniel’s personal
stories, case studies, and real-world success are helpful. I believe this book can be a
great reference guide for emerging analytics leaders.”

—Gary Cao, Vice President, Information Services & Analytics Strategy,
Cardinal Health, Inc.
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To my parents Tah-Fu and Paw-Chu Lin, who have spent
years encouraging me to do something special. Even though
this book is nothing special, it is a token of my appreciation
for their love and nurturing since they brought me into the

world 60 years ago. Last, to the one who really matters, 1

would use the same dedication from my PhD thesis:

“...Jehovah, who stretches forth the heavens and lays
the foundations of the earth and forms the spirit of
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Foreword

This book is well-timed for the current business analytics zeit-
geist—the spirit of the times—in a variety of ways. Analytics and big
data have become accepted tools for business strategy and competi-
tion. In surveys, virtually every manager agrees that they are impor-
tant resources for business. If you are not a believer in data and
analytics as guides to decision making, it is becoming embarrassing or
politically incorrect to say so. This is all good news, at least from my
perspective.

The only problem with this broad-scale consensus is that many
managers and organizations still lack the skills and understanding
to make analytics work for them. Lin’s book is directed at just this
issue. As he says, there have been a variety of books that attempt to
get managers excited about analytics and textbooks that delve into
the details of analytics without much sense of the business context.
This book is a bridge between those extremes. It’s for managers who
already believe that analytics are important, but who don’t yet know

enough to practice them personally.

This transitionisimportantand, indeed, necessary. In sophisticated
companies, it is becoming difficult to draw the line anymore between
analytics and the way work is done. Business is analytics, analytics
is business. This book is designed to enable regular business people
to create and consume analytics, even advanced ones. The detailed
modeling and analysis of data may continue to be left up to professional
“quants,” but the framing, interpreting, and communicating of the
analytical work will be a highly collaborative effort among “deciders,”
as Lin puts it, and quantitative experts.

Another way in which the book fits with the contemporary
analytical mood is its focus on business and analytical processes. Lin
correctly points out that analytics are increasingly being embedded

within key business processes. In that sense, they are becoming
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somewhat invisible; as I write today, in fact, Gartner named “advanced,
pervasive, and invisible analytics” as one of the “Top 10 Strategic
Technology Trends for 2015.” This invisibility makes the importance
of management understanding even greater; if your business is heavily
dependent on analytics in the underlying technology and process
infrastructure, someone needs to constantly ask intelligent questions

about underlying assumptions, methods, and outcomes.

To continue the process orientation, many of the topics and
insights in this book are structured in terms of an analytics process
that ranges from data preparation to data analysis and interpretation.
The idea of a process fits the current analytics environment well. For
too long, analytics have been pursued as a slow, one-off, painstaking
process that would be difficult to institutionalize. Today, however,
many companies are beginning to create “analytical factories” that
emphasize speed, scale, and repeatability. The means to do this is to
view analytics as a process with clear steps, handoffs, and modules.
That is the focus in the book, and it’s buttressed by examples using the
open source analytics tool KNIME, which is itself structured in terms
of processes. If we adopt Lin’s model of thinking about analytics in
process terms, our analytics will have higher productivity and impact.

A final linkage between this book and the current set of analytics
themes is the focus on both big data and small. Most current books
are on traditional, small data analytics or big data, but few cross that
chasm to address both. Lin moves comfortably between analytics on
traditional data (for example, marketing propensity models) and such
big data types as social media and text from online product reviews.
It’s clear to me that before long, we won’t use the term “big data,” but
we will certainly want to deal with unstructured, large-volume data.
In any case, you'll be well-prepared for a world that integrates and
analyzes all types of data if you read this book. Lin helpfully supplies
a list of likely data elements that an organization might employ for

typical analyses in different business areas.
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This book is not only up-to-the-moment, but extremely
comprehensive. There is scarcely an area of business analytics that
is not discussed. You may want to read it quickly when you acquire
it, and then use it as a reference book as you encounter a variety of
analytics situations over the next several years. The ideas are both
classical and contemporary, and they wont go out of fashion or

relevance for a long time.

Thomas H. Davenport,
Distinguished Professor, Babson College
Author of Competing on Analytics and Big Data @ Work
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Preface

I have to admit that this book turned out to be much harder to
write than I had envisioned. Having spent decades applying analytics
and building and leading analytics teams, I thought it would be simply
a summary of what I had learned and done before. Unfortunately, I
find myself constantly struggling to find the “Goldilocks” approach—
am I covering too much technical detail or too little? The latter, in my
opinion, is worse because the lack of details might prevent business
readers from doing the hands-on analytics exercises. However, the
former with too many technical details would likely discourage busi-

ness readers from reading the book altogether!

After several rounds of revisions, I hope I have managed to
strike a balance to ensure the original objective of writing an analyt-
ics hands-on book for business readers has been met. However, in
the event you find the content either too technical or not sufficiently
technical, I beg for your indulgence. My advice is that you simply skip
over the offending sections and go onto the next section. I am sure
there are enough examples and business cases in this book that any

serious business reader aspiring to be analytical would find relevant

and helpful.

Why Another Book on Analytics?

Despite the many titles on analytics, a quick survey reveals that

most broadly fall into two categories. One group focuses on promoting

xxi
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how businesses benefit from analytics. These are usually written by
“evangelists” promoting the virtues of analytics. At the opposite end
are those books written by “quants” for other analytics “quants.” These
contain too much technical detail for business readers. Few books are
written to bridge the gap. There is a need for a book with hands-on
applications of business analytics that solve real business problems
that business readers can understand, practice, and use. I often hear
the laments of business leaders: “I am sold after reading books pro-
moting the power of analytics, but none can show me how it is done
and how to actually apply it in my business without requiring me to
go back to school and getting an advanced degrees in analytics and

statistics!” If you share the same sentiments, then this book is for you.

How This Book Is Organized

Before “getting your hands dirty” with hands-on exercises, this
book devotes the first four chapters to the basics, that is, the data,
analytics tools (from simple to leading edge), and their relationships
to the various business processes. The book continues with how to
embed analytics and integrate the findings in existing or new strategic

processes. With this in mind, the chapters are organized as follows:

e Chapter 1, “Introduction,” is an introduction to analytics. It
shows how analytics as the refining of data will transform busi-
ness the way refining of oil transformed the twentieth century.
It also addresses definitions, potential areas of applications,
some vital lessons learned, how analytics are positioned in the
business context, and how analytics are integrated into the busi-

NESS Process.

e Chapter 2, “Know Your Ingredients—Data Big and Small,” dis-
cusses everything you need to know about the basic ingredi-
ents of successful business analytics. It defines the differences
between Big Data and the various types of data that may be



PREFACE xxiii

useful to business analytics. It also describes data formats and
the increasing importance of poorly or unstructured data to

business insights and how to handle them.

e Chapter 3, “Data Management—Integration, Data Quality,
and Governance,” provides everything you need to manage and
analyze data, from processing diverse data, to the importance
of governance on data security and privacy, to good data versus
bad data, to quality and latency, and to where to go beyond

internal data sources.

e Chapter 4, “Handle the Tools: Analytics Methodology and
Tools,” discusses the most commonly used analytics models
and tools, and provides hands-on exercises for some of the most
commonly used analytics modeling techniques so you can see
and feel how they work within real business cases. Its cover-
age spans basic models such as regressions, clustering, decision
trees to the more sophisticated Big Data analytics such as text
mining, and sentiment analysis on real data including online
reviews on Amazon Fine Food and TripAdvisor hotels. A value
prediction methodology using Ensemble Regression Tree

model is also presented.

 Chapter 5, “Analytics Decision-Making Process and the Ana-
lytics Deciders,” elucidates the differences between the con-
ventional and the analytics decisioning process. It starts by
exploring how conventional decision processes often falls short.
It also describes the analytics decisioning process, known in
this book as the BAP (Business Analytics Process), and how the
right “analytics deciders” are needed to work in the “intersec-
tion” between silos to ensure the BAP’s success. It ends with
notes on how to become, identify, recruit, and retain analytics

deciders.

 Chapter 6, “Business Processes and Analytics,” discusses the

business processes that can benefit from analytics. It also covers
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today’s ERP (Enterprise Resource Planning) that is fueled by
analytics. It includes CRM (Customer Relationship Manage-
ment), SCM (Supply Chain Management), Financial Manage-
ment, PLM (Product Cycle Management), and Human Capital

Management.

Chapter 7, “Identifying Business Opportunities by Recognizing
Patterns,” explains why the current way of dividing customers
into “segments” just won't cut it. It tells you how to leverage
advanced analytics tools to detect patterns of behaviors, events,
trends, topics, preferences, and other critical factors that can
impact business. Finally, it discusses pattern detection and how
the group behavior of customers may help marketers plan more
effective engagements using insights from the Market Bas-
ket Analysis and customer segment persona discovered using
analytics.

Chapter 8, “Knowing the ‘Unknowable,” discusses those top-
ics and questions that are often deemed unknowable or unique
(UU). These may involve little or limited data, predicting indi-
vidual behavior in real time, and determining causality and
lever settings for complex situations. This chapter provides
real-life business cases and actual analytics workflows to illus-
trate how enlightened businesses can know and leverage ana-
lytics in these apparent “unknowable™ events, thus, gaining a
competitive edge over the competition. A novel methodology is
also described to predict customer wallets and how to use that

to form effective strategies.

Chapter 9, “Demonstration of Business Analytics Workflows—
Analytics Enterprise,” uses the proper ingredients and tools
to answer the top business questions except CRM (Customer
Relationship Management), which is discussed in Chapter 10.
You are encouraged to download and modify the workflows so

that you can try to run them and adapt them to your own needs.
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e Chapter 10, “Demonstration of Business Analytics Work-
flows—Analytics CRM,” describes how to use the proper
ingredients and tools to answer the top business questions sur-
rounding management of customer relations. It provides tips
on how to intimately know the customers—who they are, their
values, profiles, persona, where and how to find them, and their
needs and wants behavior—all through the use of analytics.
Important insights such as customer purchase preferences and
patterns, loyalty and impending churn, and how new customers
may be acquired cost effectively and won back using today’s
social, mobile, and other media. You are again encouraged to
fill out the BAP process involving the analytics modules and to
download relevant workflows to try them on your business with

your own data.

e Chapter 11, “Analytics Competencies and Ecosystem,” dis-
cusses your current competency, how to move to the next level,
and the importance of a healthy analytics ecosystem. It also
provides an example of an enterprise analytics strategic plan,
including organization structure, talent management, roles and
responsibilities, and tips on how to run an effective analytics
organization and to leverage external partners in the analytics
ecosystem.

e Chapter 12, “Conclusions and Now What?” provides a sum-
mary of learning and suggestions for the next steps you should
take toward putting together a strategic roadmap for achieving
analytics competency and maturity. A list of recommendations
that readers can adopt to achieve analytics competencies in the
various areas covered in this book is also included.

e The Appendix contains material that is important but may be
too detailed for inclusion in the main body of the book. This
includes the basics on the analytics tool KNIME and descrip-

tions of some of the KNIME nodes. You are encouraged to
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augment it by consulting the introductory texts on KNIME.

com and YouTube.

After Reading and Working Through This
Book

After reading this book, you should be able to:

Possess a sufficient understanding of the entire analytics
process.

Acquire analytics vocabulary and basic knowledge of how ana-

lytics models work.

Explore business analytics models and be able to modify or
build real-life sophisticated analytics models.

Navigate across business and analytics processes. Drill down or
aggregate up at any level of the workflow and follow the analyt-
ics process without gaps in data, results, and insights.

Better communicate with the analytics team.

Be a contributing member of a rapid prototyping analytics team
to provide business directions on demand.

Detect actionable business insights from seemingly insignifi-
cant analytics details ignored by data and model “crunchers.”

Ensure business focus and alignment of final deliverables, and

ultimately be an effective analytics leader and decider.

Bon voyage!



Introduction

Raw Data, the New Oil

“Data is the new oil”! has become a common mantra among
today’s Big Data proponents. However, Clive Humby, the founder of
dunnhumby (the well-known retail analytics arm of Tesco Supermar-
kets in the UK), has also said that “[data] unrefined cannot really be
used.” For this reason, many skeptics argue that Big Data is not new
and is really just a fad. Before you are convinced of the importance or
insignificance of Big Data, let’s try to use the “data as oil” analogy and
show you the remarkable impact oil has had on every aspect of life

across the world and (by inference) data.

If you look at a photo taken in New York in the late nineteenth
century, you don’t see cars and buses. Instead, you see commuters on
horseback or in horse-drawn carriages and omnibuses. In fact, New
Yorkers living in a city with a million people in the late nineteenth cen-
tury enjoyed their night life lighted not by using electric or gas lamps,
but by burning whale oil. In fact, at its peak, more than 10 million gal-
lons of whale oil per year? (see Figure 1-1) were consumed across the
United States. Because this usage was one of the main causes of the
near-extinction of whales, Samuel M. Kier may be said to have saved
the whales by successfully refining the crude oil into usable fuels in

1851. Of course, he also helped the emergence of entrepreneurs such

1 http://ana.blogs.com/maestros/2006/11/data_is_the_new.html
2 http://archive.org/stream/historyofamericaOOtow#page/126/mode/2up
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as Rockefeller, who started out by selling kerosene as one of the first

products of the oil-refining process.

US Whale Oil and Sperm Oil Imports (1805-1905)
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Walter S. Tower (1907). A History of the American Whale Fishery, Table Ill, pg 126
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------- Sperm Oil
Figure 1-1  U.S. whale oil imports (1805-1905)

Over the next century, the impacts of oil literally reached the sky
when U.S. astronauts landed on the moon in 1967. It is fair to say
that oil transformed every facet of human culture and existence in the
last 100 years. Just as you couldn’t ask someone in the early 1900s to
predict how oil would transform the world in 100 years, it is just as dif-
ficult to imagine today what a transformational role data and analytics

might have in the rest of the twenty-first century.

Data Big and Small Is Not New

Although gasoline was new, crude oil was not “new” in the 1900s.

In fact, crude oil has been known since prehistoric times. For 7,000
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years, humans have been trying to find uses for crude oil.® In fact, one
of its main uses in the United States in the nineteenth century was as
folk medicine. Likewise, data (some may argue even Big [voluminous]
Data) has been around for decades. What is new today is our ability

to refine it to uncover novel insights and discover new applications.

In this book, I will show how business analytics (BA) is today’s
way of refining raw data, big or small, into strategic business oppor-
tunities. In many schematics for Hadoop and its popular Big Data-
related tools such as Hive and others, these Big Data management
tools are labeled the “Big-Data Refinery.” More appropriately, the
Hadoop Distributed File System (HDFS) is more like an oil storage
and distribution system than the actual refinery. The actual refining
process happens right after the data has been properly stored and
then subjected to a refining process, which is defined in this book as

the applied business analytics process (BAP).

Definition of Analytics

At this juncture, we should define what the terms “analytics” and
“business analytics” mean as they are used in this book. The stan-
dard dictionary definition of analytics, which is “the method of logi-
cal analysis” with a first-known use in 1590, clearly needs updating. I
have also seen that the understanding of analytics in some businesses
have not progressed much further. During an interview in 2010 of
senior business executives with Professor Tom Davenport in bench-
marking analytics competencies of major companies, I was shocked to
hear one SVP of analytics consulting asserting that “Everyone in my
team is doing analytics as they all work with numbers.” Unfortunately,

“working with numbers” does not make one an analytics practitioner.

3 http://ocw.mit.edu/courses/political-science/17-906-reading-seminar-in-social-
science-the-geopolitics-and-geoeconomics-of-global-energy-spring-2007/lec-
ture-notes/lec02_02152007.pdf

4 http://hortonworks.com/blog/big-data-refinery-fuels-next-generation-data-archi-
tecture/
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A horse carriage has four wheels just like a car, but it is clearly not

a car.

We did not find any evidence that any “analytics consultants”

were doing any analytics as defined here.

In this book, I define “analytics™ (or “business analytics”) this way:

More than just numbers—Analytics is more than just work-
ing with numbers and data to find and report observed correla-

tions and/or statistical distributions.

Knowledge and results-centric—Business analytics is
focused on the process of discovery of actionable knowledge
and the creation of new business opportunities from such

knowledge.

Tools-agnostic—Analytics can use any computation or visu-
alization tools from statistics, computer science, machine
learning, and operational research to describe and recognize
patterns, seek and validate causal relationships and trends, and

predict and optimize outcomes.

To refine data into “business solutions” using the oil analogy,

today’s analytics “Rockefellers” must be able to do the following:

Understand the data—Know the properties and nature of

crude oil.

Understand the technology—Know the different ways of

refining crude oil.

Understand needs—Know the human needs that are cur-

rently either barely met or unmet by today’s technology.

Be creative—Possess creativity in linking newfound proper-
ties of refined crude oil to meet known needs, and even create
new markets out of new needs such as synthetics in materials,

cosmetics, and pharmaceuticals which did not exist before.

Let’s take alook at some of these business opportunities for apply-

ing analytics.
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Top 10 Business Questions for Analytics

In my more than 15 years of direct involvement in applying ana-
lytics to business, I have found many important and difficult business
questions that only analytics can answer. Today, the list is growing
longer as more companies are investing in and applying analytics to

new problems.

Although some of these questions can be answered from simply
“slicing and dicing” raw data, some are so novel that many people in
business might label them as “unknowable.” I will give you one such
example; you can then come up with your own list of unknowable

questions to see whether analytics can help answer them.

One example is to predict the actual wallets of individual custom-
ers—and by extension the business share of their wallets. It was com-
monly viewed by business as unknowable because you can see only
the purchases your customers make at your store, not their purchases

at other stores.

Other examples of unknowable questions include what online vis-
itors do when they leave your sites, what your customers need when
they can’t even describe it to themselves, and what to ship to the cus-
tomers even before they start to consider buying and ordering. The
former is the basis of the current ad exchange networks, in which
third-party cookies are exchanged to let websites know where the visi-
tors may have been before coming to your site. The last example is

actually what Amazon is contemplating launching soon.?

Let’s look at the first example. With a partial view, the true wal-
let size each customer possesses is elusive and can be inferred only
through surveys. However, such survey data is often unreliable and
hard to extrapolate to other individual customers. However, as to be

explained in more detail in Chapter 8, I have directly used the best

5 “Amazon says it can ship items before customers order.” http:/www.usatoday.
com/story/money/business/2014/01/18/amazon-anticipates-orders/4637895/
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customers’ transactions as “lenses” to predict wallets for both busi-
ness-to-business (B2B) and business-to-customer (B2C) customers.
These wallets were successfully tested and deployed in many business

problems.

Here is my list of top 10 questions that I feel can best be answered
by the use of analytics. The questions have been divided into four sec-
tions: Financial Management, Customer Management, HR Manage-

ment, and Internal Operations.

How analytics can answer the questions might not be apparent at
the moment. One of the aims of this book is that you will be able to
either find the answers from the examples in this book or be able to
customize your own BA workflows for specific industries or business
situations. Once comfortable with modules and processes, you might
want to go to the list of questions in Chapters 9 and 10 to practice put-

ting together your own analytics workflows to answer the questions.

The following sections discuss my top 10 strategic questions and

tips on how analytics can be applied to provide answers.

Financial Management

Are your business and financial goals the right ones?

For a business to set the right goals, it is best to start from the
customers and the current market. Because the entire market is
rarely addressable due to its product focus or competitive land-
scape, a business needs to define the markets in which it wants
to play. Once decided, analytics can then be used to predict the
size of the addressable market and combine with revenues to

obtain the respective market share.

Based on customer-level analytics, a business can predict what

investment levels are needed to reach specific goals. Again, a
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business should start at the most granular levels and aggregate
up to generate higher-level (business unit [BU] and enterprise)
views. Some of the costs may involve realignment of business

and product offerings.
Where are the areas of major opportunities?

The conventional top-down approach to market sizing is often
not divisible at lower geographic or customer group levels. It
has been a formidable exercise, often rife with contention when
it was time for the BUs to assign annual sales targets at the
various units based on the current market size predicted by
the marketing intelligence (MI) team (at IBM during my time
there) using the top-down approach. It felt like a prefab house
being cut up and retrofitted—often messy and not a pretty
sight.

However, it is just the opposite when you start with the small-
est building blocks. You can build anything provided that you
have a plan, which is the case when the addressable market is
produced from predicting individual customer wallets. Armed
with the customers’ current spends and propensities to spend
more, a business can find ways to more appropriately engage
and entice different customers to shop more. Summing the
wallets over the appropriate business units, the business can
size the expected opportunities and identify the major revenue

opportunities.
Are your investments adequate?

When the opportunities are identified, the natural next ques-
tion is whether you are spending enough to win. Before know-
ing whether the investments are adequate, it is important first
to predict the effective “levers” for increasing product wallet

shares among the different groups of customers. Once the
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model results are validated with holdouts, the incremental
causal effects of the levers need to be tested in-situ. A properly
designed, multifactorial test-and-learn experiment can help
determine the optimal combination of levers to give the maxi-
mum impacts. With the levers known, the business can then

ascertain the costs of implementing the levers.

With the costs and impacts of the various levers determined,
the business can put together a pro forma simulator to model
the level of investments needed to move the needle (that is,
per-unit wallet share gain). Once the optimal return on invest-
ment (ROI) has been decided, the requisite costs then need
to be checked against investments in the annual strategic plan
to ensure that adequate funds have been allocated to achieve

the goals.

Customer Management

Do we know enough about our customers?

The conventional way to know customers was to hear directly
from the voice of the customers through focus groups and sur-
veys. Unfortunately, focus group and survey results cannot be
easily applied to each individual customer. They also take time
to organize and are costly to run regularly.

Given the richness of today’s customer data, analytics has
been shown to be capable of generating detailed individual
and actionable customer knowledge. This knowledge includes
predicting individual customer’s propensities to buy from your
brand and product, how much customers buy from you and
from your competitors, and how valuable customers are to your
business over their lifetime. Analytics can also perform cus-
tomer multidimensional segmentation (behavior, demographic,
attitudinal, and value) and develop segment persona. From the

persona, the business can then devise effective strategies to
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better serve the segment, improve customer experience, and

increase customer satisfaction and loyalty.

Lapses can happen despite best efforts, so the business should
constantly predict and monitor customers’ propensity to churn.
The business should try to understand why they churn, what
went wrong, and how to fix the problem. Any fixes should also
be tested with control groups to make sure they are the right
options. During and after implementation, those customers
with high churning propensities should be surveyed to ensure

that their issues were successfully resolved.

All vital customer knowledge assets should be shared, man-
aged, and leveraged for all marketing, sales, operations, prod-
uct development, and finance initiatives.

What actionable customer insights do you have?

The chief marketing officer (CMO) of a well-known steakhouse
chain client received a customer insight report taken from sur-
veys from a top management consulting firm. It showed that
the client has more than 15 million customers that like its food,
but they rarely visit the restaurants. It was a great insight, but
where and how can they reach and entice such customers to
come and dine more frequently? They can deduce from sur-
veys what these customers might look like and devise broadly
targeted mass media ads to entice them. They can’t be sure
whether the strategy would work across their chain when they
test at a particular region or city. There are simply too many
things at work to determine the effectiveness with sufficient
certainty.

To make such insights actionable with analytics, the individual
diners’ receipts should be linked to the diners—either through a
frequent diner program or by their name, credit card, or check-
ing account number. The customer insights developed for the

previous question can then be used to formulate campaigns and
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strategies to test and validate the effectiveness of the solutions
derived from analytics insights. With a properly designed test-
and-learn methodology, the incremental effects of levers can
be ascertained before full-scale rollout. This analytics-driven

approach would save costs and also reduce risk of failure.

Are we focused on the right social and mobile issues?

Social and mobile uses and data should be viewed as part of the
data analytics value chain. Social and mobile are just part of the
media. The customers’ social, online, and mobile behavior data
must be linked to target behaviors in terms of purchases and
conversions. Once integrated, the issues must be germane to
the BA process, actionable, aligned with, and have significant

impacts on the critical strategic goals.

Is the critical knowledge from analytics properly man-
aged (that is, captured, stored, shared, and reused) as an
enterprise asset?

As discussed in Chapter 4, analytics innovation and knowledge
tend to occur at the key intersections in which different disci-
plines, roles, functions, and goals “collide.” To ensure that such
knowledge can flourish and be captured, stored, shared, and
reused as an enterprise asset, a process such as BAP (also see
Chapter 4) should be adopted. Beyond the process, key “ana-
lytics deciders” who will be defined later must be present at
the intersections. For now, an analytics decider is defined as
someone who is highly proficient in both business acumen and
analytics. A knowledge management IT system and a function-
ing “analytics sandbox” support the analytics deciders with well-
defined rules, ensuring a safe and collaborative environment

for creative and productive collisions.
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HR Management

Do you have the right strategy for recruiting, managing,
and retaining analytics talent?

In my years spent in building and managing analytics teams for
big and small companies, I rank organizational and personnel
issues as the number-one cause of failure in applying analytics.
Many efforts failed because the analytics had either a limiting
or conflicting reporting structure; the wrong compositions of
talents and skills in the business, data, modeling, and strategy
functions; or simply the wrong people (nonanalytics deciders)
in key leadership roles within the intersections. Alternatively,
companies’ analytics efforts failed as they tried to remove
the collisions at the intersections by delineating clear lines of
responsibility. Unknowingly, these intersections were elimi-
nated as everyone tried hard to stay within their own areas of
responsibilities and roles. (Chapter 11 addresses some of these

organizational and personnel issues.)

Internal Operations

Are your business processes driven with insights from
predictive customer analytics?

Although companies started to use more predictive customer
analytics in the past decade, many did not progress beyond tac-
tical campaign targeting. As a result, the effectiveness of analyt-
ics can deteriorate over time. Sadly, many pioneers in analytics
applications have been stuck doing the same things or have
relegated analytics to just one of the support functions. More
progressive companies have quietly embedded predictive ana-
lytics in their various business processes, and their CEOs rely

on analytics for answers to their strategic questions.
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For example, during a benchmarking project of companies’
analytics competency, I was told that the CEO of one of the
major online retailers, while preparing the annual report to the
Wall Street analysts, discovered that revenues went up but the
number of visitors went down. He wondered whether he should
pose it as a positive or negative indication. Instead of consulting
with the CFO or anyone within his senior leadership, he instead
asked the director of analytics to come up with an answer. The
CEO was satisfied with the reply and used the analytics recom-

mendations during the call with the analysts.

I firmly believe that in the next few years, companies will win
or lose by how much they can integrate and embed business
analytics into their various business processes (as explained in
Chapter 6).

Are your sales efforts fueled by analytics insights?

One of my earliest successes in applying analytics was not with
marketing efforts, even though my team was part of the IBM
MI team; it was to help IBM sales efforts. Since then, I find that
sales efforts can be greatly enhanced by analytics insights such
as leads generation, leads prioritization, sales force optimiza-

tion, and telesales/call center performance analytics.

Vital Lessons Learned

Despite the power of BA, my experience in applying analytics in many
companies across businesses has its share of frustrations that taught me many
vital lessons. These lessons hopefully will aid you as you implement the BA
Process for the first time and hopefully avoid wasting valuable time, resources,

and opportunities.
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Use Analytics

According to a 2013 survey of approximately 500 CMOs,°
spending in analytics is likely to increase by 66 percent over the next
3 years, yet only 30 percent of the companies surveyed are using
analytics. This is a decrease of about 19 percent (from 37 percent)
from the previous year! Professor Christine Moorman, who directed
the CMO survey, said “I think the mistake that a lot of companies
make is that they spend on marketing analytics, but they don’t worry
enough about how you use marketing analytics.” I have witnessed

the same phenomenon in many companies.

Reasons Why Analytics Are Not Used

The common causes of senior management’s lack of attention to

how analytics is used are these:

e Lack of understanding and trust—Advanced analytics
works, but few executives know how to use it, and fewer have
direct experience working with it. As a result, management can-
not vouch for or articulate analytics values when tough deci-

sions are to be made among senior executive teams.

e Overreliance on what they know—Executives rise through
the ranks doing things they know best. Unfortunately, analytics
is likely not one of them. So when competing priorities demand
their attention, they tend to rely on what they know, not on ana-
lytics. When the stakes are high, they often fall back on some-
thing they have prior experience with, not analytics (because it
represents uncertainty and risk).

e Lack of strategic vision of analytics’ uses—The true

effectiveness of analytics is not in tactical applications such as

6 http://cmosurvey.org/files/2013/02/The_CMO_Survey_Highlights_and_In-
sights_Feb-2013-Final2.pdf
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targeting or reporting. But that is exactly what some companies
have been stuck doing, sometimes for more than a decade. Stra-
tegic applications cut across organizational silos and demand
changes and even transformations of business, which might
mean higher risks. Few executives would risk their careers to

champion for the use of analytics under such situations.

e Lost in translation—Definitions and vernacular often differ
between the senior executives and their analytics team, so busi-
ness focus tends to get lost when traversing through the layers of
management and finally reaching the modelers. In the reverse
direction, significant customer insights might be ignored or fil-
tered as “bad results” or “results not pretty enough to show the
boss” by the analysts or mid-level management who might not

interact so are probably not in tune with the senior executives.

The only way to mitigate this, I believe, is to ensure that there is
a tight linkage between business and analytics. Hopefully, by taking
the executives through the analytics process and enabling them to see
analytics at work, they will gain a better understanding and be able to

trust and use analytics!

Linking Analytics to Business

Instead of viewing analytics as a tool or a method, this book

focuses on analytics as a process.

Business Analytics Value Chain

Rather than focusing on a single stage of the analytics value chain
shown in Figure 1-2, this book takes a holistic view on the entire
value chain (or value “ring” in this case) for continuous value cre-
ation. The focus is on the final business outcomes and their contin-

ued improvements using scientific test-and-learn methodology. To
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achieve sustainable wins over time, it is important that the process be
run in a continuous fashion (this is the BAP that will be described in
more detail in Chapter 5). Here’s a brief description of the five major

components:

New Business
Challenges and
Questions

Data Audit,
Preparation,
and
Exploration

Execution and
Continuous
Optimization

Test and Learn Analytics
Knowledge Knowledge
Management Discovery

Figure 1-2 Analytics business value chain

o Start with business questions—All BA processes must start
with a valid and high-value business question or idea. Even
when the team is making a decision regarding IT, data, analyt-
ics models, and executions, it should not be made in isolation
and apart from the business considerations. Even though the
original business premise might sometimes need to be modi-

fied, it should always focus on business outcomes.

e Conduct data audit and augmentation—While the business

objective is being set, a quick data audit can help determine
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whether the business has the right data to accomplish the
objective. If not, additional data has to be acquired or derived
to augment the existing data. Sometimes the costs of data aug-
mentation can be too prohibitive in the beginning, and a scaled-
back business objective can be created first to validate the idea

and value before undertaking a full-scale project.

Extract knowledge—The main goal of the analytics exer-
cises, including simple business intelligence (BI) analysis and
advanced analytics modeling, is to extract useful business
insights, patterns, and knowledge from the data. This is usually
an iterative process. By answering the initial question, a good
analytics team often generates several more questions. For
example, when you see a group of customers exhibit a certain
behavior, your next questions may be these: Who are they? Are
they high-value customers? How long has this been the case? Is
this a recent phenomenon? By peeling the onion and answer-
ing the sequence of questions, you can reach the core of the
problem and uncover something that may thus far be hidden

and unknown.

Test insights and hypotheses and knowledge manage-
ment—Once an insight on the predictors” impacts on the
business outcomes is obtained, it needs to be tested for causal
effects. To do this, the scientific testing protocol known as the
design of experiments (DOE) should be used with suitable con-
trol groups. No insights should be taken at face value, no matter
how intuitive or elegant they are. Once validated, the insights
and effects must be saved in a knowledge management system

for sharing and reuse.

Execution and optimization—Analytics insights must also
take into account how they are to be implemented. The lever
settings and their respective effects can be used to help opti-

mize the analytics efforts. The validated insights and optimized
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lever settings can then be used to permit the business to ask the

next level of questions. This begins another cycle of BAP.

Integrated Approach

Instead of viewing the various aspects of analytics techniques,
business problems, and Big Data applications in isolation, I approach
this by bringing everything together in the right sequence to produce
the desired outcomes. This is why the book is not organized by analyt-
ics techniques, but instead by the way business problems are solved

through analytics.

Hands-on Exercises

By embedding the entire analytics process with real business
data within a powerful and modern advanced analytics platform
(KNIME),” motivated business readers can then try real analytics on

their own data to answer their question.

Note

For questions on installation and use of KNIME, please refer to the
Appendix or the excellent KNIME booklet.® There is also a Learn-
ing Hub,® in which many great learning resources are available for
all levels of users.

Reasons for Using KNIME Workflows

Based on the following reasons, I use KNIME workflows for all

analytics examples and exercises in this book:

7 http://www.knime.com
§ http://www.knime.org/files/bl_sample_s.pdf
9 http://www.knime.org/learning-hub?src=knimeapp#basic
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Advanced, powerful, and free—As will be shown later,
KNIME is not only powerful but (because it was developed
recently) also incorporates the latest advanced analytics mod-
els, IT innovations, and user-friendly interfaces (for true click-
and-drop analytics model development). Best of all, it is in the

public domain and free (except for the server version).

Holistic and integrated views—Some readers might want
to see how the results are produced within an entire customer
relationship management (CRM) or marketing or sales ana-
lytics process; others might want to drill down to a particular
stage of the workflow to see how the data is transformed and/or
model parameters are set and results produced. More adven-
turous readers might even want to vary the parameters and see
how the changes affect the outcomes. The entire workflow can

be viewed at the various levels of aggregation.

A single unifying enterprise workflow across silos—In
an ideal case, at the top level, it is strictly an enterprise busi-
ness workflow. Below it lie the various sub-workflows that can
correspond to the analytics workflows relating to IT, finance,
marketing, stores, call centers, logistics, supply chain manage-
ment, and so on. Drilling further down, you can then isolate
the various components of the BA process. By embedding the
actual analytics and reports within the metanodes of the sub-
workflows, various stakeholders can then focus on the particu-
lar level and workflows they are interested in and be able to
literally trace any questions to their sub-workflows to gain a

holistic view of the big picture.

Conclusion

In this chapter, the transformational power of data, whether big

or small, was discussed and likened to the way oil transformed the
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twentieth century. However, the power is not in data alone but also as
it is being refined through analytics. Although analytics has become
part of the daily vernacular, we have specifically defined BA as “the
process of discovery of actionable knowledge and the creation of new

business opportunities from such knowledge.”

To illustrate the applications of analytics to answer many critical
business questions, a list of top 10 questions in every area of business
was discussed. Within each question, ways of applying analytics were
also suggested. The vital lessons learned in more than a decade of
applying analytics in businesses were also shared. To avoid the com-
mon trend of investing in analytics without using it, pitfalls were also

highlighted based on the author’s own experience.

The main lesson is to tightly link analytics to business. To do this,
you have to create safe and productive intersections staffed by analyt-
ics deciders who are well-versed in both business and analytics, sup-

ported by an analytics sandbox as part of the holistic BAP.
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privacy, 50
tools, 67
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accuracy, 45
predictions, 90, 189
models, 100
ACID (atomicity, consistency, isolation,
and durability), 39
acquisition
competencies, 270
of data, 264
actionable customer insights, 222, 225
adaptability, 80
ad hoc analytics, 266
advanced analytics, 77-78
embedding, 150, 154-155
types of, 81
Advanced Data Visualization (ADV)
Platforms, 69
advertisements, 26
advisory/consulting resources, 251-253,
256
affinity analysis, 167
agility, 120
alignment
business, 117, 118
operational, 119
analysis, 43
association, 167
Big Data. See Big Data
business intelligence (BI), 16, 77-78
exploratory data analysis (EDA), 64-
66, 80, 279-282
preparation, 56-58
analytics
association rules, 167
BAP (business analytics process), 116,
120-122
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actionable insights, 222, 225
knowing, 220-222
questions about, 220
deciders, 129-138
definition of, 3, 4
ecosystems, 250-256
embedding, 150, 154, 155
enterprise, 203
case study, 204-209
questions for applications,
212-218
Enterprise Resource Planning (ERP),
266, 270
experience, 265
lessons learned, 12-14
maturity levels, 233
modeling, 117
organizational structures, 234-242
rapid prototyping, 120-122
recruitment, 266
roles, 242- 249
sandboxes, 122
talent management, 256-260
tools, 73-74
types of, 75-84
use, 13
annual incomes, grouping, 163
antecedents, 168
APIs (application programming
interfaces), 33
applications
businesses, association rules, 167
questions for analytics, 212-218
types of, 81
artificial neural net (ANN), 83
association rules, 167
business cases, 169
KNIME workflow, 170-173
assurance, quality, 253
atomicity, consistency, isolation, and

durability. See ACID 285



286 INDEX

attributes, V key, 22
audits, 15
augmentation, 15
autoregression, 177
awards, 255-256

B

B2B (business-to-business), 24, 159
B2C (business-to-customer), 24
BA (business analytics), 21
BAP (business analytics process), 10,
116, 120-122, 183, 234
bar charts, 68
baselines, 199
Battle of Waterloo, 181
Bayesian Information Criterion (BIC),
93
BDCs (buyer differential
characteristics), 186, 189
behaviors
customers predictions, 192-197
group patterns, 157
mobile, 33
benchmarking, 173
confidence, 169
progress, 271
BI (business intelligence), 21, 148, 220,
274-279
analysis, 77, 78
tools, 76
visualization, 66
wrong questions, 56
questions, 265
Big Data
data types, 23, 24
company data, 24-31
individual consumer data, 31-33
sensor data, 34-35
syndicated data, 35-37
definition of, 22
formats, 38
history of, 2
structures, 39, 42
blinders (decisions), 125, 127
bounded awareness, 126
box charts, 68
Brownian motion, 157. See also patterns
Buffet, Warren, 181
business alignment, 117, 118
business analytics process. See BAP
business analytics. See BA
business cases, 169-173
business intelligence. See BI

business-to-business. See B2B

business-to-customer. See B2C

buyer differential characteristics.
See BDCs

buying predictions, 224. See also
predictions

C

CAD (computer aided design), 147
cadence, 215
call centers, 27, 193
campaigns, 25, 269
Capitalism and Society, 181
careers, developments, 258
case studies, 204-209
Category to Number node (KNIME),
274
category variables, 59
causality in business, 197, 200
Center of Excellence. See CoE
centralized models, 236
chains, reporting, 234
channels, 24, 27
charts, 77
lift, 84-88
options, 67
chief marketing officers (CMOs), 9
China
business-to-business (B2B), 45
unknowables in, 182
clarity, 46
classification, 161-163
clouds, tags, 110
clustering, 61
group patterns, 161
parameters, 94
XMean, 165
clustering tools, 92, 95
CoE (Center of Excellence), 239-240,
270
college affiliations, 254
comma-separated value (CSV) data, 104
communication, storytelling skills, 129
company data, 24-31
comparisons, 76, 85
compensation, 256
competencies, 251-256, 270
completeness, 45
computer aided design. See CAD
conferences, 258
confidence, 168
confidentiality, protection of, 51. See
also privacy



consequents, 168
consistency, 46
constant refinement, 121
consultants, hiring, 251
consulting
advisory resources, 251-256
models, 237
contextual privacy, 48
control
costs, 121
groups, causality with, 199
converting customers, 197, 200
costs, 8, 91, 121
CRISP-DM (Cross-Industry Standard
Process), 116, 120
CRM (customer relationship
management), 143-146, 193
knowledge management, 227
shortcomings of, 147, 150
social and mobile issues, 226
cross tables, 76
cross-validation, 86
cubes, multi-dimensional, 65, 279
culture, 127, 259
custodianship, 46-53
Customer Knowledge Management
systems, 227
customer relationship management. See
CRM
customers
actionable insights, 222-225
behavior predictions, 192-197
classification, 162-163
converting, 197-200
databases, 194
identification, 192
knowing, 220-222
loyalty, 224
management, 8-10
personas, 221
questions about, 220
segmentation, 159, 194

D

daily values. See DVs

data
audits, 15
Big Data. See Big Data
cubes, 280
integration, 43-45
with limited views, 185-186
manipulation, 58, 63-64
mining, 103, 116, 120
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normalization, 61
partitions, 62
preparation, 43, 56-58, 117, 274-279
quality, 45-46
roles, 247-249
sensitive, 31
databases, 148
customers, 194
IT sandbox, 125
transactions, 39
Data Governance Institute (DGI), 53
Davenport, Tom, 3
decentralized models, 238
deciders, 129, 131-138, 266
decision-making processes, 115
blinders, 125-127
deciders, 129-138
Medici Effect, 127-129
sales, 154
trees, 89, 161-164
deficiencies, 45, 57
DELTA model, 234
demographics, 31
Denormalizer node (KNIME), 277
dependent variables (DVs), 83, 88
descriptive analytics, 75-76. See also
analytics
design of experiments (DOEs), 16, 269
devices, personal, 23
diagnostic analytics, 76. See also
analytics
dicing, 5, 65, 281
discovery, 24, 77-79
distance, measures, 94
distributions, maps, 77
downloading KNIME, 273
downtime, 124
drilling up/down, 66, 281
dummy variables, 60, 275
dunnhumby, 1
DVs (daily values), 158, 186

E

e-commerce, 193

ecosystems, 250-256, 270

EDA (exploratory data analysis), 56-58,
64-66, 80, 265, 279

effective data, acquiring, 264

Einstein, Albert, 157

email, channel data, 27

embedding analytics, 150-155

empowerment, 266, 270
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enterprise (analytics), 203, 204-209,
212-218
Enterprise Resource Planning. See ERP
ERP (Enterprise Resource Planning),
143-150, 266-270
errors, 45, 91
ETL (extract, transform, and load), 46,
123, 148, 152
Euclidean distance, 94
events, unknowable, 181-191
Evolutionary Prototyping, 121
exploratory data analysis, 64, 66
exploratory data analysis (EDA), 56-58,
64-66, 80, 265, 279
extent context, privacy, 50
extraction
knowledge, 16
model insight, 119
extract, transform, and load. See ETL

F

Facebook, 28
failure, 14, 43
false positive results, leveraging, 92
families, 142, 143
CRM (customer relationship
management), 145-146
ERP (Enterprise Resource Planning),
143-145
PLM (product lifecycle management),
147
feedback
design, 155
Medici Effect, 127-129
fields, 47
File Reader node (KNIME), 38, 274
financial management, 6-8, 210
focus, maintaining, 115
forecasting sales, 152-154
foreign exchange rates, 174
formats, data, 38
Forrester Research, 48-49
frequency of updates, 80
funding, 235, 256

G

gaming communities, 28
Gantt maps, 68

garbage in, garbage out, 21, 56
geographical maps, 68, 77
Gini indexes, 162

goals, 210

governance, 43, 46, 53, 56
graphical tables, 76
groups
control, 199
decision trees, 164
methods, 162, 163
models, 86-87
patterns, 157, 161
processes, 142-147
XMean clustering, 165

H

hands-on experience (deciders), 130
HDFS (Hadoop Distributed File
System), 40
heat maps, 68, 77
hierarchies of privacy, 50
hiring
consultants, 251
deciders, 130-131
histograms, 68
historical time series data, predictions,
177-178
history of Big Data, 2
hold-out partitions, 63
holdouts, 84, 88
household information, 31
HR (human resources), 11, 212
Humby, Clive, 1
hybrid deciders, 129
hypotheses, testing, 16

I

identification of customers, 192
identity privacy, 51
impacts, 8
implementing insights, 16
importance

of data governance, 53

of pattern recognition, 158-169, 173
impurities, Gini index of, 162
imputation methods (missing values), 60
inadequate data, 183-185
incomes, grouping annual, 163
independent variables. See IVs
indexes, Gini, 162
individual consumer data, 31-33
industry awards, 255-256
information technology. See IT
inhomogeneity, 267
in-house IT, 250-251



insights, 9, 122
actionable customer, 222, 225
implementing, 16
lack of, 57
models, 119
testing, 16
theoretical, 57
installing KNIME, 17, 273
integers, 59
integrated approach, 17
integration, 43-45, 67
internal operations, 11-12, 213-216
internal promotion documents, 26
internal seminars, 257
Internet Corporation for Assigned
Names and Numbers (ICANN), 53
Internet of Things. See IoT
investments
measurements of, 7
mixes, 211
return on investments (ROIs), 267
IoT (Internet of Things), 23, 28
iSIGHT Partners, 47
IT (information technology)
in-house, 250-251
sandbox databases, 125
IVs (independent variables), 36, 158

J

JDBC (Java Database Connectivity), 38
Johnson, Lyndon B., 122
JP Morgan Chase security breaches, 47

K

key attributes, V, 22
key performance indicators (KPIs), 271
KNIME, 79-81, 95

clustering tools, 92, 95

data preparation, 274-279

EDA (exploratory data analysis),

279-282

installing, 17

nodes. See nodes

overview of, 273

workflow, 17, 103, 170-173, 187-192
KNIME Cookbook - Recipes for the

Advanced User, 273

knowledge

discovery, 77-79

extracting, 16

management, 16, 227

sharing, 235, 236
Kulkarni, Atin, 67
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L

lack of use, analytics, 13

languages, 126

leadership roles, 243. See also
management

leads, 215

levels, maturity, 233

leveraging false positive results, 92

lever settings, 197, 200

lifetime values. See LTVs

lift, 84-88, 169

LikeaSong, 41

limited views, data with, 185-186

line charts, 67, 77

LinkedIn, 28

linking analytics to business, 14-18

lists, targets, 96

location, privacy, 50

logical analysis, 3

loops, feedback, 128. See also feedback

Lost Customers, 159

Loyal Customers, 160

loyalty, customer, 224

LTVs (lifetime values), 186

M

management
culture, 259
customers, 8-10
financial, 6-8, 210
governance, 53, 56
HR, 11, 212
internal operations, 213-216
knowledge, 16, 227
morale, 259
roles, 242-249
talent, 256-260
tools, 3
manipulation (data), 58, 63-64
maps, 68, 77
marketing returns on investment. See
MROIs
market intelligence. See MI
markets
basket analysis, 167
research, 26
sizing, 7
massively parallel processing. See MPP
Match.com, 67
matching, 83
maturity levels, 233
Medallion Fund, 128
media usage preferences, 28
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Medici Effect, 127-129
merging data sources, 44-45
methodologies
logical analysis, 3
tools, 73-83
methods
groups, 162-163
normalization, 61
splitting, 162
metrics, performance, 127
MI (market intelligence), 219
mining data, 103, 116, 120
Missing Value node (KNIME), 275
missing values, 60, 275-278
MIT Sloan Management Review, 46
mixes, investments, 211
mobile
behavior, 33
CRM issues, 226
issues, 10
models
analytic, 117
building, 118
centralized, 236
CoE (center of excellence), 239-241
consulting, 237
decentralized, 238
decision trees, 89
enhancement, 36
DELTA, 234
groups, 86, 87
insight extraction, 119
performance, 100
preparation, 56-58
time series predictions, 173-178
tools, 81
training, 88
unknowables, 187
Moorman, Christine, 13
morale management, 259
MPP (massively parallel processing), 125
MROISs (marketing returns on
investment), 25
multichart displays, 68
multidimensional cubes, 65, 279
multitouch campaigns, 158

N

National Institute of Standards and

Technology (NIST), 51, 200
National Security Agency (NSA), 48
natural language processing (NLP), 81
Neglected Customers, 160

Neiman Marcus security breaches, 47
Net Promoter Score. See NPS
NLP (neuro-linguistic programming),
194
nodes (KINME)
Category to Number, 274
Column Rename, 275
Denormalizer, 277
File Reader, 38, 274
Missing Value, 276-278
Normalizer, 277
Partition, 278
Pivoting, 262
Statistics, 280
nominals, 59, 60, 275
non-UU events, 183
normalization, 61, 277
NoSQL, 41
NPS (Net Promoter Score), 225
numbers, 59

(0]

ODBC (Open Database Connectivity),
38
offer bundles, 26
OLAP (Online Analytic Processing), 21
online stores, 193
ordinary least squares (OLS), 97
operational alignment, 119
operational systems
advance analytics, 150-155
shortcomings of, 147-150
operations, internal, 11-12
opportunities, 7, 210, 258
optimization, 16, 77, 215-216
options
charting, 67
KINME Missing Value node, 275-278
opt outs, 198
ordinals, 59
ordinary least squares (OLS), 97
organizational structures, 234-242
outcomes of predictions, 81
out-of-sample training, 63
over-fitting, 278
overreliance, 13

P

Partition node (KNIME), 279
partitions, 62, 277

hold-out, 63

validation, 277



past data, predictions based on, 174, 177
patterns
group behavior, 157
recognition, 158-169, 173, 267
time series predictions, 173-178
visualization, 66-70
penalties, costs of, 91
people roles, 234
performance
expectations, 258
metrics, 127
models, 100
recognition, 257
sales, 217
personal devices, 23
personal health, 28
personal identifiable information (PII)
fields, 31, 47
personas of customers, 221
physical stores, 192
pivoting, 66, 281
pivot tables, 76
planning scenarios, 120
PLM (product lifecycle management),
147, 150
plotting, 68
point-of-sale (POS) systems, 47
policies, governance, 46, 53, 56
polymaths, 129
pooling privacy, 51
poor analytics, 56
poor data, 183, 185
poorly structured data, 39, 42
PPI (personal identifiable information),
31
predictions, 77, 269. See also forecasting
accuracy of, 90, 189
buying, 224
customer behaviors, 192-197
modeling tools, 81
probabilities, 82-86
rules, 87
time series, 173-178
values, 97
predictive analytics, 75. See also
analytics
prescriptive analytics, 75. See also
analytics
pricing, 28
privacy, 43-53
contexts, 49
contextual, 48
hierarchies, 50
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pooling, 51
solutions, 52-53
probabilities, 82-86
processes, 142-143, 214, 234, 269
BAP (business analytics process), 116,
120-122
CRISP-DM (Cross-Industry Standard
Process), 116, 120
CRM (customer relationship
management), 145-146
decision-making, 115
blinders, 125-127
deciders, 129-138
Medici Effect, 127-129
ERP (Enterprise Resource Planning),
143-145
PLM (product lifecycle management),
147
profiling, 36
profit centers, 259
progress, benchmarking, 271
projects, funding, 256
promotions, 25-26
Propensity Score Matching (PSM), 83
prototyping, rapid, 120-122
purchase patterns, recognition, 167

Q

QS (Quantified Self), 23, 34
quality, 43-46

assurance, 253

governance, 53, 56

poor data, 183-185
quantitative roles, 247-249
questions

for analytics, 5-12

for applications, 212-218

answers to, 11

business, 82

business intelligence (BI) analysis, 265

about customers, 220

exploratory data analysis (EDA)

analysis, 265
wrong, 56

R

radio-frequency identification. See
RFID

rapid prototyping, 120-122

rates, conversion, 198

RDBMS (relational database
management system), 22
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real-time customer behavior predictions,
192-197
recognition, patterns, 158-169, 173-178,
267. See also performance
recruitment
analytics, 266
deciders, 130-131
relatedness, 46
reliable prototypes, 121
Renaissance Technologies LLC, 128
responsibilities, 242-249
reporting
chains, 234
privacy, 48
structures, 241
tools, 76
repositories, knowledge, 235
requirements, skills, 258
research
for analytics, 5-12
for applications, 212-218
markets, 26
results, leveraging, 92
return on investment. See ROI
revenue centers, 259
RFID (radio-frequency identification),
192
Ricardo, David, 181
rich data, acquiring, 264
risks, 126
ROI (return on investment), 225
roles
analytics, 242-249
data, 247-249
people, 234
quantitative, 247-249
rules
association, 167-169
decision tree models, 89
predictions, 87

S

safeguards, privacy, 52. See also privacy
salaries, 256
sales, 216
decisions, 154
forecasting, 152-154
optimization, 216
performance, 217
sampling, 62
sandboxes (analytics), 122
SAP, 147

scatter charts, 67, 77
scenarios, planning, 120
scores, target lists, 96
searching for deciders, 130-131
security, 43-53
segmentation
customers, 159, 194
segment personas, 221
seminars, 257
sensitive data, 31
sensor data, 34-35
series, time series predictions, 173-178
sharing knowledge, 235-236
Silipo, Rosaria, 273
silo boundaries, crossing, 126
Simons, James Harris, 128-129
skills
analytics, 265
deciders, 132
requirements, 258
storytelling, 129
slicing, 5, 65, 281
smart home data, 34
SMB (small and medium business)
customers, 158
social communities, 28
social CRM issues, 226
social issues, 10
social learning networks, 257
social media, 33
Social Security numbers. See SSNs
software, CAD (computer aided design),
147
SoLoMo channels, 28
solutions, privacy, 52-53
sources, integration, 44-45
sources of data, 264
sparklines, 77
spend data, 26
splitting, 162
sponsorship, 235
spread of data, 77
SQL servers, 41
SSNs (Social Security numbers), 31
standardization, 61
statistics, 65
Statistics node (KINME), 280
stewardship, voluntary data, 48
storytelling skills, 129
strategic questions, answers to, 11
strategies
business, 243
failure of, 14



governance, 53-56
preparation, 56-58
success/failure, 43
strings, 59
structured data, 39, 42
structures
data, 39, 42
organizational, 234-242
reporting, 241
success, 43, 127-129, 266. See also
failure
supervised knowledge discovery, 79
supervised learning, §7-91
support, 168
syndicated data, 35-37

T

Tableau Software, 67-69
tables, 76

graphical, 76

text, 67
tag clouds, 110
talent management, 212, 256-260
targeting data, 26, 96, 173, 269
Target security breaches, 47
telesales, 158
templates

buying predictions, 224

customer analytic, 222
Tesco Supermarkets, 1
test-and-learn stage, 119
testing insights, 16
text

mining, 103

tables, 67

values, 59
theoretical insights, 57
theories, Time Series, 174
Tibco Software, 69
time context, privacy, 50
timeliness, 46
time series predictions, 173-178
Time Series theory, 174
tools, 182

analytics, 73-83

BI (business intelligence), 21

business intelligence (BI) visualization,

67,70

clustering, 92, 95

KNIME, 79-81, 273-282

management, 3

models, 81
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top-down approach to market sizing, 7
trade organizations, 254
training
models, 88
opportunities, 258
predictions, 84
transactions, databases, 39
translation, 14
trees
classification, 161
decision, 89, 161-164
maps, 68, 77
trends, 67-70
trust, 13, 46-53
Twitter, 28
types
of advanced analytics, 81
of applications, 81
of data, 23-33, 58
of deciders, 129-138
of knowledge discovery, 79
of normalization, 61
of privacy, 48
of variable values, 274

U

university affiliations, 254
unknowable events, 181-191
unknown and unknowable . See UU
unknown, unknowable, and unique.
See UUU
unstructured data, 39-42
unsupervised knowledge discovery, 79
unsupervised learning, 92, 95
updates, frequency of, 80
use
analytics, 13
context, privacy, 50
UU (unknown and unknowable), 181
UUU (unknown, unknowable, and
unique), 181

\Y%

validation, 63, 88

cross-validation, 86

lift charts, 85

partitions, 277
value chains, business analytics, 14, 17
values

exchanges, 49

missing, 60, 275-278

predictions, 97
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text, 59
variables, 274
visitors, 194
variables
dummy, 60, 275
nominal, 275
numerical categories, 59
types of, 58
values, 274
variety
definition of, 23
velocity, definition of, 23
veracity, 23
versatility, 80
views, data with limited views, 185-186
visitor values, 194
visualization, 77-78
KNIME, data preparation, 274-279
patterns/trends, 66-70
tools, 76
vital lessons learned, 12-14
V key attributes, 22
volume, definition of, 22
voluntary data stewardship, 48

W

web channels, 27
Weka analytics tools, 80
workable data quality, definition of, 45
workflow, 6, 222
analytics enterprise, 203
case study, 204-209
questions for applications,
212-218
KNIME, 17, 103, 170-173
WYSWYG, 80
wrong questions, 56
WYSWYG (What You See Is What You
Get), 80

X
XMean clustering, grouping by, 165

Z

zero-downtime, 124
zeroes, missing values, 275-278
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