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Foreword

“In God we trust. Everyone else bring data.”

—W. Edwards Demming

We are at the dawn of a new era. An era that almost crashed and
died quietly without many people noticing or paying attention. This
era of computational intelligence is about to make all of the accom-
plishments by the baby boomers obsolete. In this era, computational
intelligence paradigms will be embedded into everything—your
credit card, the train tracks, the books you read, the stores you fre-
quent, your body! This era will cause massive disruption in businesses
throughout the globe. This is an era where new business empires have
rapidly emerged—the likes of Google, Facebook, and LinkedIn—and
this will be an era where industry giants who are not forward think-
ing go by the wayside. But by far, a bulk of the industry giants around
the globe are in a race to figure out how to capitalize on this matur-
ing technology—to make their businesses not just survive but thrive.
They strive to make their businesses “frictionless”—to relentlessly
pursue excellence while we are sleeping, to automatically adjust to
the ever-changing world without human intervention and delays, and
to take into account complexities that our marvelous brain takes into
account automatically, but when we try to articulate these complexi-

ties we get lost in the process.

Computational intelligence has its roots in artificial intelligence
(AI), which started very humbly at Dartmouth College in 1956. In the
60s, artificial intelligence research was well funded in both the United
States and United Kingdom. However, by the mid-70s, much of the
early excitement and promise of Al had evaporated. Once again in the
early 80s, commercial enterprises started investing in research and a
new generation of “expert systems” appeared, creating a billion-dollar
market. However, by the late 80s the rigidity of those rules-based
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systems faded into obscurity. Very quietly in the 90s, AI gained new
momentum via a foothold in supply chain and logistics, which was
being swept up as part of the business process reengineering projects
that spanned the globe in an attempt to drive process efficiency and
cost savings. The complexities of supply chains with hundreds and
thousands of customers, plants, suppliers, and modes of transporta-
tion proved to be a very good proving ground for the highly evolved

optimization techniques honed through decades of AI research.

From that early launch pad, AI shed its moniker and has taken
on many new names—predictive analytics, data mining, advanced
analytics, simulation, optimization, just to name a few—to distance
itself from the failed promises. From this new vantage, computa-
tional intelligence has emerged to deliver concrete results and value
for businesses—just as supply chain and logistics optimization did in
the early 90s. Many of these early successes have been kept as “trade
secrets” by businesses around the globe. Today, after more than 50
years of starts and fits, computational intelligence is ready to deliver
on the initial promises of artificial intelligence through a whole new

generation of savvy business managers and technologists.

As many of the innovative business executives who made the deci-
sion to keep the early computational projects a trade secret know, this
technology can deliver amazing business value—business value that
can create a sustainable competitive differentiation, which is much
easier to aspire to but much harder to attain. While the early proj-
ects required a lot of validation—because oftentimes the results were
so massive that they defied all common wisdom—the new genera-
tions—the X-ers, the Millennials, and soon-to-be the Z-ers—trust and
believe their technology much more than their own (or anyone else’s)
intuitions. This new wave of data scientists, leaders, managers, and
consumers expect the computer to deal with complexities and make

optimal decisions every time. They won’t settle for anything less.

This book is the indispensable guide for those of you not familiar

with the technology—whether you're a Boomer or part of the new



FOREWORD xi

wave. In this book, you'll learn the essence of the technology and
understand how to apply it to practical real-world problems. Many
of the examples cited contain transferable lessons to many other
industries and problems. Embrace the examples and figure out how
to make them work in your business and how to improve upon them
so they create further value for your business. Then rinse and repeat
until you've fully embedded this new wave into the very fabric of your
business. That’s how you get and keep sustainable competitive differ-

entiation in this new era.

Michele Chambers
Chief Strategy Officer, Revolution Analytics
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Overview

Learning Objectives

* To know how to define data analytics

* To understand the function and uses of data analytics

e To demonstrate an understanding of current theory and
research avenues in data analytics

* To understand why computational intelligence occupies a
place in big data analytics

e To appreciate areas of ethical sensitivity in data analytics

1.1 Introduction

This book aims to help organizations gain a competitive edge
in the marketplace through harnessing the power of computational
intelligence approaches. Those approaches—fuzzy sets, artificial neu-
ral networks, and genetic algorithms—are at the core of every innova-
tive business, from large corporations to small companies. Businesses
that do not leverage computational intelligence will be quickly out-

performed by those that do.

The chapters are designed to provide a foundation upon which one

can differentiate one’s business through computational intelligence

1
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approaches. Thus, the book provides the reader with guidance on
how to create acceptable models in a relatively short period of time,
and how to arrive at the right innovative decisions before the competi-

tion does.

The primary purpose of this book is to facilitate education in the
resurgent computational intelligence areas of artificial neural net-
works, fuzzy sets, and genetic algorithms. The book is written as a
text for a course at the graduate or upper-division undergraduate
level. It could also be used for short intensive courses of continuing
and executive education or as a self-study. No previous knowledge of
computational intelligence tools is required to understand the mate-

rial in this text.

Whereas most (if not all) literature on the topic utilizes statisti-
cal software packages, this book urges managers to take advantage
of computational intelligence for analysis, exploration, and knowl-
edge generation. As a result, readers are provided with the needed
guidance to understand, model, discover, and interpret new patterns
and new knowledge from historical evidence and large data sets, and
become adept at building powerful models for prediction and clas-

sification that do not rely on statistics.

A process based on the exploration of business data with an
emphasis on statistical and/or computational intelligence analysis is
called Business Analytics. It is used by innovative companies commit-
ted to data-driven decision making to gain insights that inform busi-
ness decisions, and down the road it can be used to automate and
optimize business processes. Data obtained through Business Analyt-
ics are treated as corporate assets (added value) and are leveraged to
gain a competitive edge.

The outcome of Business Analytics depends on data quality (to
avoid junk in, junk out), entrepreneurial business analysts who under-

stand the analysis and the business itself, as well as an organizational
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commitment to data-driven decision making. It should be stressed
that entrepreneurial and skillful business analysts are at the core of
obtaining competitive advantage for the business. They should oper-
ate at every level of their organizations instead of being an elite group
of data scientists reporting directly to the executive suite. Those busi-
ness analysts make the discovered insights actionable, as they discover
new knowledge and utilize predictive power of computational intel-

ligence approaches.

Business Analytics itself is used for the following purposes:

* To explore data to find new patterns and relationships (data
mining)
* To evaluate and test previous decisions (randomized controlled

experiments, multivariate testing)

* To explain why a certain outcome happened (statistical analysis,
descriptive analysis)

e To venture into the future (forecast) results (predictive model-

ing, predictive analytics)

Once the business goal(s) of the analysis is agreed upon, an analy-
sis methodology is selected and data are acquired to support the anal-
ysis. Data acquisition often involves extraction from many sources
and business systems, data cleaning, dimensionality reduction, fea-
ture evaluation, and subsequent integration into a single repository,
such as a data mart or a larger data warehouse. Competitive intelli-
gence utilizing intelligent software agents might be used to locate and
extract some of the needed data. The analysis is typically performed
against a smaller sample set of data to verify its applicability first, and
then used on all historical evidence the business has accumulated.

Analytic tools range from spreadsheets with statistical functions
to complex data mining and predictive modeling applications. As pat-

terns and relationships in the data are discovered, new questions are
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asked, new queries are sent, and the analytic process iterates until the
business goal is met. This could be optimized by additional technolo-

gies such as optimization and/or genetic algorithms.

Deployment of predictive models involves ranking data and
information, evaluating their “novelty indexes,” and using the ranks
to optimize real-time decisions within applications and business pro-
cesses. One can also utilize Business Analytics at the tactical level of a
business pyramid to tackle unforeseen events, and in many cases the
decision making could be automated to support real-time inputs. It
is its predictive power that makes computational intelligence insights
actionable. The finding associated with an action that is deemed reli-
able, based upon past data, gives the decision maker a high degree of

confidence.

Each chapter in this book is followed by a set of exercises, which
are intended to enhance the understanding of the material presented
in the chapter. The solutions to a selected subset of these exercises
are provided in the instructor’s manual, which also contains further
suggestions for use of the text under various circumstances. The exer-
cises are of varying levels of difficulty. The following rating system is
applied to approximately indicate the amount of effort required for

solving the exercises:

* [Level 1]—Problems at Level 1 are solvable within a day. They
test the comprehension and mastery of fundamental concepts.
If they relate to the use of software or writing computer code,

the programming time is short.

* [Level 2]—Solving problems at Level 2 can take days or weeks
(e.g., proof of concept programming or implementation). The
chapters provide all the information necessary for solving Level

1 and Level 2 problems.
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e [Level 3]—Problems at Level 3 are even harder, and
their solutions can take several weeks or even months (e.g.,
semester-long projects). Many of these exercises are related to

innovative avenues of current research.

e [Level 4]—Problems at Level 4 concern open research
questions and could be topics of graduate theses or disserta-
tions. Solving Level 3 and Level 4 exercises typically requires
doing further literature searches and/or conducting extensive

experiments.

It is recommended that the reader do the Level 1 and Level 2
exercises, and tackle at least some of the problems at Levels 3 and 4.
Carefully working through Level 1 and Level 2 problems will reward
the reader with a thorough understanding of the material of the chap-
ters, and solving Level 3 and Level 4 exercises could turn a reader into

an innovator!

1.2 A Need for Computational
Intelligence in Business Analytics

There exists a need for a resource that can be drawn upon by
an innovative organization that seeks to gain a competitive edge in
the marketplace through harnessing the power of computational
intelligence approaches. This book provides managers with the tools,
knowledge, and strategies to differentiate their business and to suc-
cessfully add value to their organization. The driving force behind
this differentiation lies in utilization of computational intelligence
approaches, such as fuzzy sets, artificial neural networks, and genetic
algorithms. Those approaches are much more adequate for dealing
with uncertainty and the complexity of today’s organizations than the

statistical analysis and tools currently utilized.
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1.3. Differentiating Your Business
Through Computational Intelligence

This book aims to provide a thorough introduction to the main
issues associated with the design and implementation of computa-

tional intelligence tools that could add value to an organization.

In general, computer systems are not good at knowing what to
do: every action the system performs must be explicitly anticipated,
planned for, and coded by the programmers. If a computer system
encounters a situation that its programmers did not anticipate, then
the situation usually results in a system crash. For the most part,
business managers accept that computers satisfy a purely computing
(number crunching) role. For many applications (such as payroll pro-
cessing), it is entirely acceptable. However, for an increasingly large
number of business processes, managers require computer systems
that could decide for themselves what they need to do in order to
satisfy both their design objectives and tackle a given business prob-
lem. Such computer systems utilize computational intelligence tools.
They must operate robustly in rapidly changing and often unpredict-
able environments. Thus, to some extent, these computer systems are
anthropomorphic and utilize the power of computational intelligence
techniques, such as fuzzy sets, artificial neural networks, and genetic

algorithms.

The techniques are outlined in the book, and examples for sug-
gested implementations are provided. It should be noted that these
approaches are much more adequate for dealing with multiple data
(both structured and unstructured) as well as with uncertainty and
the complexity of today’s organizations than the statistical analysis and
tools most commonly used. Computational intelligence tools provide
actionable insights for decision making in addition to their capability
to explain the past.

For example, these tools (fuzzy sets, artificial neural networks,

and genetic algorithms) could address problems and tackle tasks of
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product mechanical design within a framework of integrated design.
The mechanical design process is usually divided in several sub-
problems from engineering and programming points of view. The
fuzzy sets approach allows for the comparison of different stake-
holders’ points of view to one another and the final solution through
a global compromise. This approach allows the mechanical design to
be distributed in parallel tasks. The genetic algorithms and artificial
neural networks tools could be used in order to encapsulate the data
and analysis of each engineering design point of view. So, they allow
for multiple constraints (factors of materials selection, reliability, per-
formance, safety, and environmental impacts) to be incorporated into
the mechanical design. Genetic algorithms and artificial neural net-
works also allow for exploration of new mechanical design solutions,

thus fostering innovation.

Even more autonomous behavior of computer systems utilizing
computational intelligence tools is expected in scientific applications.
For example, when a space probe makes its long flight from Earth
to outer planets in the solar system and beyond, a large ground crew
of scientists is usually required to continually track its progress and
decide how to deal with unexpected eventualities. This is not practi-
cal and very costly. For these reasons, organizations like the National
Aeronautics and Space Administration (NASA) have been experi-
menting with making space probes more autonomous—giving them
richer decision making capabilities and responsibilities, in part by
utilizing computational intelligence tools.

Computational intelligence poses both a challenge and an oppor-
tunity for many businesses and organizations, and data scientists and
researchers are at the forefront of learning how to leverage these
changes for business impact.

I hope you enjoy learning about computational intelligence and

its tools and how the industry is adapting to today’s environment.
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Exercises

1. [Level 1] Business internal databases are repositories of data
and information gathered by a company, typically during the
course of business transactions. They could be augmented by
external, secondary data sources. Companies gather informa-
tion about customers when they purchase a product, inquire
about a service, or have a product serviced. Business internal
databases are used by the companies to strengthen their rela-
tionships with customers and for direct marketing. Those data-
bases could become quite large over time, and dealing with the
vast quantity of data poses quite a challenge for decision mak-
ers. The managers are often further hindered by the relational

nature of a database.

Computational intelligence software helps managers make
sense of the enormous mass of information contained in non-
relational data warehouses. The software is capable of creating
new knowledge that is actionable for decision makers, as it does
not just have the ability to explain the past, but also possesses
predictive power. Micromarketing refers to using a differenti-
ated marketing mix for specific customer segments, sometimes
fine-tuned for the individual shopper. Data analytics make

micromarketing drive sales and business profits.

Like many businesses nowadays, Target has utilized data ana-
lytics to micromarket—that is, to target each consumer with
promotional materials designated for that individual. The New
York Times reported on those practices on February 16, 2012
[Duhigg, 2012]. According to the report, titled “How Compa-
nies Learn Your Secrets,” Target collects data on every person
who shops at its department stores, assigning a unique code
known as customer ID. If the consumer uses a credit card or
coupon, fills out a survey, mails in a refund form, calls the cus-

tomer center, or opens an e-mail, Target links those interactions
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with the customer ID. The company also collects demographic
information, such as age, gender, ZIP Code, marital status,
number of children, place of residence, and income, and has
the ability to purchase additional data. Like many other innova-
tive businesses, Target utilizes data analytics in its marketing
research. One avenue of these analyses is to relate to the cus-
tomers during major life events, such as having a baby, graduat-
ing from college, moving from state to state (or coast to coast),

and so on.

How does Target identify specific customer segments, such
as pregnant female consumers, for example? Target data sci-
entists use the store’s baby registry to identify consumers who
have used it, and then backtrack to find out what products they
had bought early in their pregnancy. The researchers discov-
ered unique patterns that became clusters, and subsequently
classes of consumers, and associated them with products. It
appeared that women in their first 20 weeks of pregnancy pur-
chased supplements such as calcium, magnesium, and zinc, and
subsequently bought a lot of unscented lotions in their second
trimester. In their third trimester, they purchased washcloths,
hand sanitizers, soap, and cotton balls. Overall, Target data sci-
entists identified 25 products, and came up with a “Pregnancy
Prediction Score.” This is just one of the metrics Target uses. It
applies those metrics to all customers, and those who score high
enough are contacted. In this particular “Pregnancy Prediction
Score” case, the high-scoring customers are assumed to be
pregnant, and receive targeted promotions on products Target
predicts they will need. Reportedly, Target sales on mom-to-be
and baby products have increased since the data analytics tools
were applied.

Similarly, many of the company’s online customers’ data brows-
ing habits are collected and analyzed. Do you think these data

analytics practices are ethical?
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1.1. [Level 1] Provide documented examples of data analytics
usage by businesses. How many of these companies gained
a competitive edge in the marketplace through harnessing

the power of computational intelligence approaches?

. If you do an Internet search on the phrase “faith-based busi-

nesses,” the results direct you to companies that pursue a reli-
gious agenda. But, according to Fast Company [Safian, 2014],
there is another kind of faith in business nowadays: the belief
that a product or service can perform a radical industry make-
over, completely change consumer habits, challenge economic
assumptions, and enable city, county, and state officials to be

proactive about health care, weather, and traffic emergencies.

With $452 million distributed in 2013, Bloomberg Philan-
thropies is among the largest philanthropic foundations in the
United States. It differentiates itself by utilizing innovative and
sophisticated data-driven solutions in its business processes. As
a result, the foundation has been extraordinarily effective, as it
positions itself for maximum impact [Safian, 2014].
2.1. [Level 2] Examine the data analytics tools used by Bloom-
berg and write a comprehensive report on them. Identify
avenues of possible use of computational intelligence to

further Bloomberg’s philanthropic pursuits.

. Fierce competition, time-to-market pressure, and an increasing

demand for product differentiation call for more sophisticated,
yet rapid product design. Businesses are increasingly seeking
more efficient ways to integrate consumers’ preferences into
the product design process. Taking advantage of techniques
from the field of computational intelligence, it is possible to
construct systems that can computationally design products

with specified desirable consumer characteristics.

3.1. [Level 3] Conduct research on techniques from the field

of computational intelligence that deal with optimal design
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of products. Write a case study to illustrate the applica-
tion of the computational intelligence approaches in your
industry.

[Level 4] Propose a research project for your Ph.D. dis-
sertation that will support the construction and deploy-
ment of a sophisticated, computational intelligence model

to design products that your business unit is involved with.
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dimensionality reduction, 91-92
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fuzzy trees, 31-32
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fuzzy vertex and edge tree, 31-32
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genetic algorithms (GAs), 7, 32-34
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H
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predictive models, 4
money laundering enforcement
operations, 51
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S
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self-generating neural networks, 36
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Shannon entropy function, 27
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solution efficacy, fuzzy data
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space probes, 7
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