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Preface

Analytics has become the technology driver of this decade. Companies such as IBM, SAP,
IBM, SAS, Teradata, SAP, Oracle, Microsoft, Dell and others are creating new organiza-
tional units focused on analytics that help businesses become more effective and efficient
in their operations. Decision makers are using more computerized tools to support their
work. Even consumers are using analytics tools, either directly or indirectly, to make deci-
sions on routine activities such as shopping, health/healthcare, travel, and entertainment.
The field of business intelligence and business analytics (BI & BA) has evolved rapidly to
become more focused on innovative applications for extracting knowledge and insight
from data streams that were not even captured some time back, much less analyzed in
any significant way. New applications turn up daily in healthcare, sports, travel, entertain-
ment, supply-chain management, utilities, and virtually every industry imaginable. The
term analytics has become mainstream. Indeed, it has already evolved into other terms
such as data science, and the latest incarnation is deep learning and Internet of Things.

This edition of the text provides a managerial perspective to business analytics con-
tinuum beginning with descriptive analytics (e.g., the nature of data, statistical modeling,
data visualization, and business intelligence), moving on to predictive analytics (e.g.,
data mining, text/web mining, social media mining), and then to prescriptive analytics
(e.g., optimization and simulation), and finally finishing with Big Data, and future trends,
privacy, and managerial considerations. The book is supported by a Web site (pearson-
globaleditions.com/sharda) and also by an independent site at dssbibook.com. We will
also provide links to software tutorials through a special section of the Web sites.

The purpose of this book is to introduce the reader to these technologies that
are generally called business analytics or data science but have been known by other
names. This book presents the fundamentals of the techniques and the manner in which
these systems are constructed and used. We follow an EEE approach to introducing
these topics: Exposure, Experience, and Exploration. The book primarily provides
exposure to various analytics techniques and their applications. The idea is that a stu-
dent will be inspired to learn from how other organizations have employed analytics to
make decisions or to gain a competitive edge. We believe that such exposure to what
is being done with analytics and how it can be achieved is the key component of learn-
ing about analytics. In describing the techniques, we also introduce specific software
tools that can be used for developing such applications. The book is not limited to any
one software tool, so the students can experience these techniques using any num-
ber of available software tools. Specific suggestions are given in each chapter, but the
student and the professor are able to use this book with many different software tools.
Our book’s companion Web site will include specific software guides, but students can
gain experience with these techniques in many different ways. Finally, we hope that
this exposure and experience enable and motivate readers to explore the potential of
these techniques in their own domain. To facilitate such exploration, we include exer-
cises that direct them to Teradata University Network and other sites as well that include
team-oriented exercises where appropriate. We will also highlight new and innovative
applications that we learn about on the book’s Web site.

Most of the specific improvements made in this fourth edition concentrate on four
areas: reorganization, new chapters, content update, and a sharper focus. Despite the
many changes, we have preserved the comprehensiveness and user friendliness that
have made the text a market leader. Finally, we present accurate and updated material
that is not available in any other text. We next describe the changes in the fourth
edition.


www.pearsonglobaleditions.com/
www.pearsonglobaleditions.com/
www.dssbibook.com
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Preface

What’s New in the Fourth Edition?

With the goal of improving the text, this edition marks a major reorganization of the text
to reflect the focus on business analytics. This edition is now organized around three
major types of business analytics (i.e., descriptive, predictive, and prescriptive). The new
edition has many timely additions, and the dated content has been deleted. The following
major specific changes have been made.

e New organization. The book recognizes three types of analytics: descriptive, pre-
dictive, and prescriptive, a classification promoted by INFORMS. Chapter 1 intro-
duces BI and analytics with an application focus in many industries. This chapter
also includes an overview of the analytics ecosystem to help the user explore all
the different ways one can participate and grow in the analytics environment. It is
followed by an overview of statistics, importance of data, and descriptive analytics/
visualization in Chapter 2. Chapter 3 covers data warehousing and data foundations
including updated content, specifically data lakes. Chapter 4 covers predictive ana-
lytics. Chapter 5 extends the application of analytics to text, Web, and social media.
Chapter 6 covers prescriptive analytics, specifically linear programming and simu-
lation. Tt is totally new content for this book. Chapter 7 introduces Big Data tools
and platforms. The book concludes with Chapter 8, emerging trends and topics in
business analytics including location analytics, Internet of Things, cloud-based ana-
lytics, and privacy/ethical considerations in analytics. The discussion of an analytics
ecosystem recognizes prescriptive analytics as well.

* New chapters. The following chapters have been added:

Chapter 2. Descriptive Analytics I: Nature of Data, Statistical
Modeling, and Visualization This chapter aims to set the stage with a thor-
ough understanding of the nature of data, which is the main ingredient for any
analytics study. Next, statistical modeling is introduced as part of the descriptive
analytics. Data visualization has become a popular part of any business report-
ing and/or descriptive analytics project; therefore, it is explained in detail in this
chapter. The chapter is enhanced with several real-world cases and examples
(75% new material).

Chapter 6. Prescriptive Analytics: Optimization and Simulation

This chapter introduces prescriptive analytics material to this book. The
chapter focuses on optimization modeling in Excel using linear programming
techniques. It also introduces the concept of simulation. The chapter is an
updated version of material from two chapters in our DSS book, 10th edition. For
this book it is an entirely new chapter (99% new material).

Chapter 8. Future Trends, Privacy and Managerial Considerations
in Analytics This chapter examines several new phenomena that are already
changing or are likely to change analytics. It includes coverage of geospatial ana-
lytics, Internet of Things, and a significant update of the material on cloud-based
analytics. It also updates some coverage from the last edition on ethical and pri-
vacy considerations (70% new material).

* Revised Chapters. All the other chapters have been revised and updated as well.
Here is a summary of the changes in these other chapters:

Chapter 1. An Overview of Business Intelligence, Analytics, and
Data Science This chapter has been rewritten and significantly expanded. Tt
opens with a new vignette covering multiple applications of analytics in sports.
It introduces the three types of analytics as proposed by INFORMS: descriptive,
predictive, and prescriptive analytics. A noted earlier, this classification is used in



guiding the complete reorganization of the book itself (earlier content but with
a new figure). Then it includes several new examples of analytics in healthcare
and in the retail industry. Finally, it concludes with significantly expanded and
updated coverage of the analytics ecosystem to give the students a sense of the
vastness of the analytics and data science industry (about 60% new material).

Chapter 3. Descriptive Analytics II: Business Intelligence and Data
Warebousing This is an old chapter with some new subsections (e.g., data
lakes) and new cases (about 30% new material).

Chapter 4. Predictive Analytics I: Data Mining Process, Methods,
and Algorithms This is an old chapter with some new content organization/
flow and some new cases (about 20% new material).

Chapter 5. Predictive Analytics II: Text, Web, and Social Media Analytics

This is an old chapter with some new content organization/flow and some
new cases (about 25% new material).

Chapter 7. Big Data Concepts and Analysis This was Chapter 6 in the
last edition. It has been updated with a new opening vignette and cases, coverage
of Teradata Aster, and new material on alternative data (about 25% new material).

* Revamped author team. Building on the excellent content that has been pre-
pared by the authors of the previous editions (Turban, Sharda, Delen, and King), this
edition was revised primarily by Ramesh Sharda and Dursun Delen. Both Ramesh
and Dursun have worked extensively in analytics and have industry as well as
research experience.

e Color print! We are truly excited to have this book appear in color. Even the fig-
ures from previous editions have been redrawn to take advantage of color. Use of
color enhances many visualization examples and also the other material.

* A live, updated Web site. Adopters of the textbook will have access to a Web site
that will include links to news stories, software, tutorials, and even YouTube videos
related to topics covered in the book. This site will be accessible at dssbibook.com.

* Revised and updated content. Almost all the chapters have new opening
vignettes that are based on recent stories and events. In addition, application cases
throughout the book have been updated to include recent examples of applications
of a specific technique/model. New Web site links have been added throughout the
book. We also deleted many older product links and references. Finally, most chap-
ters have new exercises, Internet assignments, and discussion questions throughout.

e Links to Teradata University Network (TUN). Most chapters include new links
to TUN (teradatauniversitynetwork.com).

e Booktitle. Asisalready evident, the book’s title and focus have changed substantially.

e Software support. The TUN Web site provides software support at no charge.
It also provides links to free data mining and other software. In addition, the site
provides exercises in the use of such software.

The Supplement Package: www.pearsonglobaleditions
.com/sharda
A comprehensive and flexible technology-support package is available to enhance the

teaching and learning experience. The following instructor and student supplements are
available on the book’s Web site, pearsonglobaleditions.com/sharda:

e Instructor’s Manual. The Instructor’s Manual includes learning objectives for the
entire course and for each chapter, answers to the questions and exercises at the end
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of each chapter, and teaching suggestions (including instructions for projects). The
Instructor’s Manual is available on the secure faculty section of pearsonglobaleditions
.com/sharda.

e Test Item File and TestGen Software. The Test Item File is a comprehensive
collection of true/false, multiple-choice, fill-in-the-blank, and essay questions. The
questions are rated by difficulty level, and the answers are referenced by book page
number. The Test Item File is available in Microsoft Word and in TestGen. Pearson
Education’s test-generating software is available from www.pearsonglobaleditions
.com/sharda. The software is PC/MAC compatible and preloaded with all the Test
Item File questions. You can manually or randomly view test questions and drag-
and-drop to create a test. You can add or modify test-bank questions as needed.

e PowerPoint slides. PowerPoint slides are available that illuminate and build

on key concepts in the text. Faculty can download the PowerPoint slides from
pearsonglobaleditions.com/sharda.
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BUSINESS INTELLIGENCE,
ANALYTICS, AND DATA SCIENCE

A MANAGERIAL PERSPECTIVE

This book deals with a collection of computer technologies that support managerial
work—essentially, decision making. These technologies have had a profound impact on
corporate strategy, performance, and competitiveness. Collectively, these technologies are
called business intelligence, business analytics, and data science. Although the evolution
of the terms is discussed, these names are also used interchangeably. This book tells
stories of how smart people are employing these techniques to improve performance,
service, and relationships in business, government, and non-profit worlds.
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CHAPTER

An Overview of Business
Intelligence, Analytics,
and Data Science

LEARNING OBJECTIVES

® Understand the need for computer- ® Understand the different types of ana-
ized support of managerial decision lytics and see selected applications
making B Understand the analytics ecosystem

B Recognize the evolution of such to identify various key players and
computerized support to the current career opportunities

state—analytics/data science

® Describe the business intelligence
(BD methodology and concepts

he business environment (climate) is constantly changing, and it is becoming

more and more complex. Organizations, both private and public, are under pres-

sures that force them to respond quickly to changing conditions and to be inno-
vative in the way they operate. Such activities require organizations to be agile and to
make frequent and quick strategic, tactical, and operational decisions, some of which are
very complex. Making such decisions may require considerable amounts of relevant data,
information, and knowledge. Processing these, in the framework of the needed decisions,
must be done quickly, frequently in real time, and usually requires some computerized
support.

This book is about using business analytics as computerized support for managerial
decision making. It concentrates on the theoretical and conceptual foundations of deci-
sion support, as well as on the commercial tools and techniques that are available. This
book presents the fundamentals of the techniques and the manner in which these sys-
tems are constructed and used. We follow an EEE approach to introducing these topics:
Exposure, Experience, and Exploration. The book primarily provides exposure to var-
ious analytics techniques and their applications. The idea is that a student will be inspired
to learn from how other organizations have employed analytics to make decisions or
to gain a competitive edge. We believe that such exposure to what is being done with
analytics and how it can be achieved is the key component of learning about analytics.
In describing the techniques, we also give examples of specific software tools that can be
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used for developing such applications. The book is not limited to any one software tool,
so students can experience these techniques using any number of available software
tools. We hope that this exposure and experience enable and motivate readers to explore
the potential of these techniques in their own domain. To facilitate such exploration, we
include exercises that direct the reader to Teradata University Network (TUN) and other
sites that include team-oriented exercises where appropriate.

This introductory chapter provides an introduction to analytics as well as an overview
of the book. The chapter has the following sections:

1.1 Opening Vignette: Sports Analytics—An Exciting Frontier for Learning and
Understanding Applications of Analytics 30

1.2 Changing Business Environments and Evolving Needs for Decision Support and
Analytics 37

1.3 Evolution of Computerized Decision Support to Analytics/Data Science 39
1.4 A Framework for Business Intelligence 41
1.5 Analytics Overview 48
1.6 Analytics Examples in Selected Domains 55
1.7 A Brief Introduction to Big Data Analytics 61
1.8 An Overview of the Analytics Ecosystem 63
1.9 Plan of the Book 72
1.10 Resources, Links, and the Teradata University Network Connection 73

IR OPENING VIGNETTE: Sports Analytics—An Exciting
Frontier for Learning and Understanding Applications
of Analytics

The application of analytics to business problems is a key skill, one that you will learn in
this book. Many of these techniques are now being applied to improve decision making in
all aspects of sports, a very hot area called sports analytics. Sports analytics is the art and
science of gathering data about athletes and teams to create insights that improve sports
decisions, such as deciding which players to recruit, how much to pay them, who to
play, how to train them, how to keep them healthy, and when they should be traded or
retired. For teams, it involves business decisions such as ticket pricing, as well as roster
decisions, analysis of each competitor’s strengths and weaknesses, and many game-day
decisions.

Indeed, sports analytics is becoming a specialty within analytics. It is an important area
because sports is a big business, generating about $145B in revenues each year, plus an
additional $100B in legal and $300B in illegal gambling, according to Price Waterhouse.!
In 2014, only $125M was spent on analytics (less than 0.1% of revenues). This is expected
to grow at a healthy rate to $4.7B by 2021.2

"Changing the Game: Outlook for the Global Sports Market to 2015,” Price Waterhouse Coopers Report, appears
at https://www.pwc.com/gx/en/hospitality-leisure/pdf/changing-the-game-outlook-for-the-global-sports-market-
to-2015.pdf. Betting data from https://www.capcredit.com/how-much-americansspend-on-sports-ecach-year/.
2“Sports Analytics Market Worth $4.7B by 2021,” Wintergreen Research Press Release, covered by PR Newswire
at http://www.prnewswire.com/news-releases/sports-analytics-market-worth-47-billion-by-2021-509869871.html,
June 25, 2015.
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The use of analytics for sports was popularized by the Moneyball book by Michael
Lewis in 2003 and the movie starring Brad Pitt in 2011. It showcased Oakland A’s general
manager Billy Beane and his use of data and analytics to turn a losing team into a win-
ner. In particular, he hired an analyst who used analytics to draft players able to get on
base as opposed to players who excelled at traditional measures like runs batted in or
stolen bases. These insights allowed them to draft prospects overlooked by other teams
at reasonable starting salaries. It worked—they made it to the playoffs in 2002 and 2003.

Now analytics are being used in all parts of sports. The analytics can be divided
between the front office and back office. A good description with 30 examples appears
in Tom Davenport’s survey article.? Front-office business analytics include analyzing fan
behavior ranging from predictive models for season ticket renewals and regular ticket
sales, to scoring tweets by fans regarding the team, athletes, coaches, and owners. This
is very similar to traditional customer relationship management (CRM). Financial analysis
is also a key area, where salary caps (for pros) or scholarship limits (colleges) are part of
the equation.

Back-office uses include analysis of both individual athletes as well as team play. For
individual players, there is a focus on recruitment models and scouting analytics, analytics
for strength and fitness as well as development, and PMs for avoiding overtraining and
injuries. Concussion research is a hot field. Team analytics include strategies and tactics,
competitive assessments, and optimal roster choices under various on-field or on-court
situations.

The following representative examples illustrate how three sports organizations use
data and analytics to improve sports operations, in the same way analytics have improved
traditional industry decision making.

Example |: The Business Office

Dave Ward works as a business analyst for a major pro baseball team, focusing on rev-
enue. He analyzes ticket sales, both from season ticket holders as well as single-ticket
buyers. Sample questions in his area of responsibility include why season ticket holders
renew (or do not renew) their tickets, as well as what factors drive last-minute individual
seat ticket purchases. Another question is how to price the tickets.

Some of the analytical techniques Dave uses include simple statistics on fan behav-
ior like overall attendance and answers to survey questions about likelihood to purchase
again. However, what fans say versus what they do can be different. Dave runs a survey
of fans by ticket seat location (“tier”) and asks about their likelihood of renewing their
season tickets. But when he compares what they say versus what they do, he discovers
big differences. (See Figure 1.1.) He found that 69% of fans in Tier 1 seats who said on the

Tier Highly Likely Likely Maybe Probably Not Certainly Not
1 92 88 75 69 45
2 88 81 70 65 38
3 80 76 68 55 36
4 77 72 65 45 25
5 75 70 60 35 25

FIGURE I.1 Season Ticket Renewals—Survey Scores.

*Thomas Davenport, “Analytics in Sports: The New Science of Winning,” International Institute for Analytics
White paper, sponsored by SAS, February 2014. On the SAS Web site at: http://www.sas.com/content/dam/SAS/
en_us/doc/whitepaper2/iia-analytics-in-sports-106993.pdf. (Accessed July 2016)
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survey that they would “probably not renew” actually did. This is useful insight that leads
to action—customers in the green cells are the most likely to renew tickets, so require
fewer marketing touches and dollars to convert, for example, compared to customers in
the blue cells.

However, many factors influence fan ticket purchase behavior, especially price,
which drives more sophisticated statistics and data analysis. For both areas, but especially
single-game tickets, Dave is driving the use of dynamic pricing—moving the business
from simple static pricing by seat location tier to day-by-day up-and-down pricing of
individual seats. This is a rich research area for many sports teams and has huge upside
potential for revenue enhancement. For example, his pricing takes into account the team’s
record, who they are playing, game dates and times, which star athletes play for each
team, each fan’s history of renewing season tickets or buying single tickets, as well as fac-
tors like seat location, number of seats, and real-time information like traffic congestion
historically at game time and even the weather. See Figure 1.2.

Which of these factors are important? How much? Given his extensive statistics
background, Dave builds regression models to pick out key factors driving these historic
behaviors and create PMs to identify how to spend marketing resources to drive revenues.
He builds churn models for season ticket holders to create segments of customers who
will renew, won’t renew, or are fence-sitters, which then drives more refined marketing
campaigns.

In addition, he does sentiment scoring on fan comments like tweets that help him
segment fans into different loyalty segments. Other studies about single-game attendance
drivers help the marketing department understand the impact of giveaways like bobble-
heads or T-shirts, or suggestions on where to make spot TV ad buys.

Beyond revenues, there are many other analytical areas that Dave’s team works on,
including merchandising, TV and radio broadcast revenues, inputs to the general manager
on salary negotiations, draft analytics especially given salary caps, promotion effectiveness
including advertising channels, and brand awareness, as well as partner analytics. He'’s a
very busy guy!

Seat
Location

Home Team Performance in Past 10 Games]

Opponent Made Playoffs Previous Year ]

Game Start Time )

Part of the Season ) (Opponent from Same Division]

Days before the Game )

(Which Pitcher’?) ( What's His Earned Run Average’?]

Individual Player
Reputations

( Number of All Stars on Opponent’'s Roster )

FIGURE 1.2 Dynamic Pricing Previous Work—Major League Baseball.  Source: Adapted from
C. Kemper and C. Breuer, “How Efficient is Dynamic Pricing for Sports Events? Designing a Dynamic
Pricing Model for Bayern Munich”, Intl. Journal of Sports Finance, |1, pp. 4-25, 2016.
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Total # of Plays: 540
Percentage of Run: 46.48%
Percentage of Pass: 53.520%

If Off_Pers is
10, 11, 20, 22,
12, 21, 30, 31, 32 l ¢ or Missing
Total # of Plays: 155 Total # of Plays: 385
Percentage of Run: 79.35% Percentage of Run: 33.25%
Percentage of Pass: 20.65% Percentage of Pass: 66.75%
If it is...
1st or 2nd Down l ¢ 3rd or 4th Down
Total # of Plays: 294 Total # of Plays: 91
Percentage of Run: 38.78% Percentage of Run: 15.38%
Percentage of Pass: 61.22% Percentage of Pass: 84.62%
If the distance to achieve
If... the next down is
We are leading
or it is a tie i ¢ We are behind Less than 5 yards l ¢ More than 5 yards
Total # of Plays: 162 Total # of Plays: 132 Total # of Plays: 25 Total # of Plays: 66

Percentage of Run: 50.62% Percentage of Run: 24.240% Percentage of Run: 44.00% Percentage of Run: 4.55%
Percentage of Pass: 49.38% | |Percentage of Pass: 75.67% | |Percentage of Pass: 56.00% | | Percentage of Pass: 95.450%0

FIGURE 1.3 Cascaded Decision Tree for Run or Pass Plays.

Example 2: The Coach

Bob Breedlove is the football coach for a major college team. For him, it’s all about win-
ning games. His areas of focus include recruiting the best high school players, developing
them to fit his offense and defense systems, and getting maximum effort from them on
game days. Sample questions in his area of responsibility include: Who do we recruit?
What drills help develop their skills? How hard do T push our athletes? Where are oppo-
nents strong or weak, and how do we figure out their play tendencies?

Fortunately, his team has hired a new team operations expert, Dar Beranek, who spe-
cializes in helping the coaches make tactical decisions. She is working with a team of student
interns who are creating opponent analytics. They used the coach’s annotated game film to
build a cascaded decision tree model (Figure 1.3) to predict whether the next play will be a
running play or passing play. For the defensive coordinator, they have built heat maps (Figure
1.4) of each opponent’s passing offense, illustrating their tendencies to throw left or right and
into which defensive coverage zones. Finally, they built some time series analytics (Figure 1.5)
on explosive plays (defined as a gain of more than 16 yards for a passing play or more than
12 yards for a run play). For each play, they compare the outcome with their own defensive
formations and the other team’s offensive formations, which helps Coach Breedlove react
more quickly to formation shifts during a game. We will explain the analytical techniques that
generated these figures in much more depth in Chapters 2-5 and Chapter 7.

New work that Dar is fostering involves building better high school athlete recruit-
ing models. For example, each year the team gives scholarships to three students who are
wide receiver recruits. For Dar, picking out the best players goes beyond simple measures
like how fast athletes run, how high they jump, or how long their arms are to newer cri-
teria like how quickly they can rotate their heads to catch a pass, what kinds of reaction
times they exhibit to multiple stimuli, and how accurately they run pass routes. Some of
her ideas illustrating these concepts appear on the TUN Web site; look for the BSI Case
of Precision Football.*

“Business Scenario Investigation BSI: The Case of Precision Football (video). (Fall 2015). Appears on http://
www.teradatauniversitynetwork.com/About-Us/Whats-New/BSI-Sports-Analytics—Precision-Football//,Fall
2015. (Accessed September 2016)


http://www.teradatauniversitynetwork.com/About-Us/Whats-New/BSI%E2%80%93Sports-Analytics%E2%80%94Precision-Football//
http://www.teradatauniversitynetwork.com/About-Us/Whats-New/BSI%E2%80%93Sports-Analytics%E2%80%94Precision-Football//
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FIGURE 1.4 Heat Map Zone Analysis for Passing Plays.
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FIGURE 1.5 Time Series Analysis of Explosive Plays.
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FIGURE 1.6 Soccer Injury Models.®

Example 3: The Trainer

Dr. Dan Johnson is the trainer for a women’s college soccer team. His job is to help the
players stay healthy and to advise the coaches on how much load to put on players during
practices. He also has an interest in player well-being, including how much they sleep and
how much rest they get between heavy and light practice sessions. The goal is to ensure
that the players are ready to play on game days at maximum efficiency.

Fortunately, because of wearables, there is much more data for Dr. Dan to analyze.
His players train using vests that contain sensors that can measure internal loads like
heartbeats, body temperature, and respiration rates. The vests also include accelerometers
that measure external loads like running distances and speeds as well as accelerations
and decelerations. He knows which players are giving maximal effort during practices and
those who aren’t.

His focus at the moment is research that predicts or prevents player injuries
(Figure 1.6). Some simple tasks like a Single Leg Squat Hold Test—standing on one foot,
then the other—with score differentials of more than 10% can provide useful insights on
body core strengths and weaknesses (Figure 1.7). If an athlete is hit hard during a match,
a trainer can conduct a sideline test, reacting to a stimulus on a mobile device, which adds
to traditional concussion protocols. Sleep sensors show who is getting adequate rest (or
who partied all night). He has the MRI lab on campus do periodic brain scans to show
which athletes are at risk for brain injury.

>“Women’s Soccer Injuries,” National Center for Catastrophic Sports Injury Research Report, NCAA. NCAA Sport
Injury fact sheets are produced by the Datalys Center for Sports Injury Research and Prevention in collaboration
with the National Collegiate Athletic Association, and STOP Sports Injuries. Appears at https://www.ncaa.org/
sites/default/files/NCAA_W_Soccer_Injuries_WEB.pdf. (Accessed November 20106).
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FIGURE 1.7 Single Leg Squat Hold Test—
Core Body Strength Test

(Source: Figure adapted from Gary Wilkerson
and Ashish Gupta).

QUESTIONS ABOUT THESE EXAMPLES

1. What are three factors that might be part of a PM for season ticket renewals?
2. What are two techniques that football teams can use to do opponent analysis?

3. How can wearables improve player health and safety? What kinds of new analytics
can trainers use?

4. What other analytics uses can you envision in sports?

What Can We Learn from These Vignettes?

Beyond the front-office business analysts, the coaches, trainers, and performance experts,
there are many other people in sports who use data, ranging from golf groundskeepers
who measure soil and turf conditions for PGA tournaments, to baseball and basketball
referees who are rated on the correct and incorrect calls they make. In fact, it’s hard to
find an area of sports that is not being impacted by the availability of more data, especially
from sensors.

Skills you will learn in this book for business analytics will apply to sports. If you
want to dig deeper into this area, we encourage you to look at the Sports Analytics section
of the Teradata University Network (TUN) a free resource for students and faculty. On this
Web site, you will find descriptions of what to read to find out more about sports analyt-
ics, compilations of places where you can find publically available data sets for analysis,
as well as examples of student projects in sports analytics and interviews of sports profes-
sionals who use data and analytics to do their jobs. Good luck learning analytics!
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Source and Credits: Contributed by Dr. Dave Schrader, who retired after 24 years in advanced development
and marketing at Teradata. He has remained on the Board of Advisors of the Teradata University Network,
where he spends his retirement helping students and faculty learn more about sports analytics. The football
visuals (Figures 1.3-1.5) were constructed by Peter Liang and Jacob Pearson, graduate students at Oklahoma
State University, as part of a student project in the spring of 2016. The training visuals (Figures 1.6 and 1.7) are
adapted from the images provided by Prof. Gary Wilkerson of the University of Tennessee at Chattanooga and
Prof. Ashish Gupta of Auburn University.

Changing Business Environments and Evolving
Needs for Decision Support and Analytics

The opening vignette illustrates how an entire industry can employ analytics to develop
reports on what is happening, predict what is likely to happen, and then also make deci-
sions to make the best use of the situation at hand. These steps require an organization to
collect and analyze vast stores of data. From traditional uses in payroll and bookkeeping
functions, computerized systems have now penetrated complex managerial areas ranging
from the design and management of automated factories to the application of analytical
methods for the evaluation of proposed mergers and acquisitions. Nearly all executives
know that information technology is vital to their business and extensively use informa-
tion technologies.

Computer applications have moved from transaction processing and monitoring
activities to problem analysis and solution applications, and much of the activity is done
with cloud-based technologies, in many cases accessed through mobile devices. Analytics
and BI tools such as data warehousing, data mining, online analytical processing (OLAP),
dashboards, and the use of the cloud-based systems for decision support are the cor-
nerstones of today’s modern management. Managers must have high-speed, networked
information systems (wireline or wireless) to assist them with their most important task:
making decisions. In many cases, such decisions are routinely being automated, eliminat-
ing the need for any managerial intervention.

Besides the obvious growth in hardware, software, and network capacities, some
developments have clearly contributed to facilitating growth of decision support and ana-
lytics in a number of ways, including the following:

* Group communication and collaboration. Many decisions are made today by
groups whose members may be in different locations. Groups can collaborate and
communicate readily by using collaboration tools as well as the ubiquitous smart-
phones. Collaboration is especially important along the supply chain, where part-
ners—all the way from vendors to customers—must share information. Assembling a
group of decision makers, especially experts, in one place can be costly. Information
systems can improve the collaboration process of a group and enable its members to
be at different locations (saving travel costs). More critically, such supply chain col-
laboration permits manufacturers to know about the changing patterns of demand
in near real time and thus react to marketplace changes faster.

¢ Improved data management. Many decisions involve complex computations.
Data for these can be stored in different databases anywhere in the organization
and even possibly outside the organization. The data may include text, sound,
graphics, and video, and these can be in different languages. Many times it is
necessary to transmit data quickly from distant locations. Systems today can
search, store, and transmit needed data quickly, economically, securely, and
transparently.

¢ Managing giant data warehouses and Big Data. Large data warehouses (DWs),
like the ones operated by Walmart, contain humongous amounts of data. Special
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methods, including parallel computing, Hadoop/Spark, and so on, are available to
organize, search, and mine the data. The costs related to data storage and mining
are declining rapidly. Technologies that fall under the broad category of Big Data
have enabled massive data coming from a variety of sources and in many different
forms, which allows a very different view into organizational performance that was
not possible in the past.

e Analytical support. With more data and analysis technologies, more alternatives
can be evaluated, forecasts can be improved, risk analysis can be performed quickly,
and the views of experts (some of whom may be in remote locations) can be col-
lected quickly and at a reduced cost. Expertise can even be derived directly from
analytical systems. With such tools, decision makers can perform complex simula-
tions, check many possible scenarios, and assess diverse impacts quickly and eco-
nomically. This, of course, is the focus of several chapters in the book.

¢ Overcoming cognitive limits in processing and storing information. According
to Simon (1977), the human mind has only a limited ability to process and store
information. People sometimes find it difficult to recall and use information in an
error-free fashion due to their cognitive limits. The term cognitive limits indicates
that an individual’s problem-solving capability is limited when a wide range of
diverse information and knowledge is required. Computerized systems enable peo-
ple to overcome their cognitive limits by quickly accessing and processing vast
amounts of stored information.

¢ Knowledge management. Organizations have gathered vast stores of information
about their own operations, customers, internal procedures, employee interactions,
and so forth, through the unstructured and structured communications taking place
among the various stakeholders. Knowledge management systems have become
sources of formal and informal support for decision making to managers, although
sometimes they may not even be called KMS. Technologies such as text analytics
and IBM Watson are making it possible to generate value from such knowledge
stores.

e Anywhere, anytime support. Using wireless technology, managers can access
information anytime and from anyplace, analyze and interpret it, and communicate
with those involved. This perhaps is the biggest change that has occurred in the last
few years. The speed at which information needs to be processed and converted
into decisions has truly changed expectations for both consumers and businesses.
These and other capabilities have been driving the use of computerized decision
support since the late 1960s, but especially since the mid-1990s. The growth of
mobile technologies, social media platforms, and analytical tools has enabled a
different level of information systems (IS) support for managers. This growth in
providing data-driven support for any decision extends to not just the managers but
also to consumers. We will first study an overview of technologies that have been
broadly referred to as BI. From there we will broaden our horizons to introduce
various types of analytics.

SECTION 1.2 REVIEW QUESTIONS
1. What are some of the key system-oriented trends that have fostered IS-supported
decision making to a new level?
2. List some capabilities of information systems that can facilitate managerial decision
making.
3. How can a computer help overcome the cognitive limits of humans?
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IEM Evolution of Computerized Decision Support
to Analytics/Data Science

The timeline in Figure 1.8 shows the terminology used to describe analytics since the
1970s. During the 1970s, the primary focus of information systems support for decision
making focused on providing structured, periodic reports that a manager could use for
decision making (or ignore them). Businesses began to create routine reports to inform
decision makers (managers) about what had happened in the previous period (e.g., day,
week, month, quarter). Although it was useful to know what had happened in the past,
managers needed more than this: They needed a variety of reports at different levels
of granularity to better understand and address changing needs and challenges of the
business. These were usually called management information systems (MIS). In the early
1970s, Scott-Morton first articulated the major concepts of DSS. He defined DSSs as “inter-
active computer-based systems, which help decision makers utilize data and models to
solve unstructured problems” (Gorry and Scott-Morton, 1971). The following is another
classic DSS definition, provided by Keen and Scott-Morton (1978):

Decision support systems couple the intellectual resources of individuals with the capabilities
of the computer to improve the quality of decisions. It is a computer-based support system
for management decision makers who deal with semistructured problems.

Note that the term decision support system, like management information system
and several other terms in the field of IT, is a content-free expression (i.e., it means dif-
ferent things to different people). Therefore, there is no universally accepted definition
of DSS.

During the early days of analytics, data was often obtained from the domain experts
using manual processes (i.e., interviews and surveys) to build mathematical or knowledge-
based models to solve constrained optimization problems. The idea was to do the best
with limited resources. Such decision support models were typically called operations
research (OR). The problems that were too complex to solve optimally (using linear or
nonlinear mathematical programming techniques) were tackled using heuristic methods
such as simulation models. (We will introduce these as prescriptive analytics later in this
chapter and in a bit more detail in Chapter 6.)

In the late 1970s and early 1980s, in addition to the mature OR models that were
being used in many industries and government systems, a new and exciting line of mod-
els had emerged: rule-based expert systems. These systems promised to capture experts’
knowledge in a format that computers could process (via a collection of if-then—else rules
or heuristics) so that these could be used for consultation much the same way that one
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FIGURE 1.8 Evolution of Decision Support, Business Intelligence, and Analytics.
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would use domain experts to identify a structured problem and to prescribe the most
probable solution. ESs allowed scarce expertise to be made available where and when
needed, using an “intelligent” DSS.

The 1980s saw a significant change in the way organizations captured business-
related data. The old practice had been to have multiple disjointed information systems
tailored to capture transactional data of different organizational units or functions (e.g.,
accounting, marketing and sales, finance, manufacturing). In the 1980s, these systems
were integrated as enterprise-level information systems that we now commonly call enter-
prise resource planning (ERP) systems. The old mostly sequential and nonstandardized
data representation schemas were replaced by relational database management (RDBM)
systems. These systems made it possible to improve the capture and storage of data, as
well as the relationships between organizational data fields while significantly reducing
the replication of information. The need for RDBM and ERP systems emerged when data
integrity and consistency became an issue, significantly hindering the effectiveness of
business practices. With ERP, all the data from every corner of the enterprise is collected
and integrated into a consistent schema so that every part of the organization has access
to the single version of the truth when and where needed. In addition to the emergence
of ERP systems, or perhaps because of these systems, business reporting became an on-
demand, as-needed business practice. Decision makers could decide when they needed
to or wanted to create specialized reports to investigate organizational problems and
opportunities.

In the 1990s, the need for more versatile reporting led to the development of execu-
tive information systems (EISs; DSSs designed and developed specifically for executives
and their decision-making needs). These systems were designed as graphical dashboards
and scorecards so that they could serve as visually appealing displays while focusing on
the most important factors for decision makers to keep track of the key performance indi-
cators. To make this highly versatile reporting possible while keeping the transactional
integrity of the business information systems intact, it was necessary to create a middle
data tier known as a DW as a repository to specifically support business reporting and
decision making. In a very short time, most large to medium-sized businesses adopted
data warehousing as their platform for enterprise-wide decision making. The dashboards
and scorecards got their data from a DW, and by doing so, they were not hindering the
efficiency of the business transaction systems mostly referred to as (ERP) systems.

In the 2000s, the DW-driven DSSs began to be called BI systems. As the amount of
longitudinal data accumulated in the DWs increased, so did the capabilities of hardware
and software to keep up with the rapidly changing and evolving needs of the decision
makers. Because of the globalized competitive marketplace, decision makers needed cur-
rent information in a very digestible format to address business problems and to take
advantage of market opportunities in a timely manner. Because the data in a DW is
updated periodically, it does not reflect the latest information. To elevate this information
latency problem, DW vendors developed a system to update the data more frequently,
which led to the terms real-time data warehousing and, more realistically, right-time data
warebousing, which differs from the former by adopting a data-refreshing policy based on
the needed freshness of the data items (i.e., not all data items need to be refreshed in real
time). DWs are very large and feature rich, and it became necessary to “mine” the corpo-
rate data to “discover” new and useful knowledge nuggets to improve business processes
and practices, hence the terms data mining and text mining. With the increasing volumes
and varieties of data, the needs for more storage and more processing power emerged.
Although large corporations had the means to tackle this problem, small to medium-
sized companies needed more financially manageable business models. This need led to
service-oriented architecture and software and infrastructure-as-a-service analytics busi-
ness models. Smaller companies, therefore, gained access to analytics capabilities on an
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as-needed basis and paid only for what they used, as opposed to investing in financially
prohibitive hardware and software resources.

In the 2010s, we are seeing yet another paradigm shift in the way that data is
captured and used. Largely because of the widespread use of the Internet, new data gen-
eration mediums have emerged. Of all the new data sources (e.g., radio-frequency iden-
tification [RFID] tags, digital energy meters, clickstream Web logs, smart home devices,
wearable health monitoring equipment), perhaps the most interesting and challenging is
social networking/social media. This unstructured data is rich in information content, but
analysis of such data sources poses significant challenges to computational systems, from
both software and hardware perspectives. Recently, the term Big Data has been coined to
highlight the challenges that these new data streams have brought on us. Many advance-
ments in both hardware (e.g., massively parallel processing with very large computational
memory and highly parallel multiprocessor computing systems) and software/algorithms
(e.g., Hadoop with MapReduce and NoSQL) have been developed to address the chal-
lenges of Big Data.

It's hard to predict what the next decade will bring and what the new analytics-
related terms will be. The time between new paradigm shifts in information systems and
particularly in analytics has been shrinking, and this trend will continue for the foresee-
able future. Even though analytics is not new, the explosion in its popularity is very
new. Thanks to the recent explosion in Big Data, ways to collect and store this data, and
intuitive software tools, data-driven insights are more accessible to business professionals
than ever before. Therefore, in the midst of global competition, there is a huge opportu-
nity to make better managerial decisions by using data and analytics to increase revenue
while decreasing costs by building better products, improving customer experience, and
catching fraud before it happens, improving customer engagement through targeting and
customization all with the power of analytics and data. More and more companies are
now preparing their employees with the know-how of business analytics to drive effec-
tiveness and efficiency in their day-to-day decision-making processes.

The next section focuses on a framework for BI. Although most people would agree
that BI has evolved into analytics and data science, many vendors and researchers still use
that term. So Section 1.4 pays homage to that history by specifically focusing on what has
been called BI. Following the next section, we introduce analytics and will use that as the
label for classifying all related concepts.

SECTION 1.3 REVIEW QUESTIONS

1. List three of the terms that have been predecessors of analytics.

2. What was the primary difference between the systems called MIS, DSS, and Executive
Support Systems?

3. Did DSS evolve into BI or vice versa?

IR A Framework for Business Intelligence

The decision support concepts presented in Sections 1.2 and 1.3 have been implemented
incrementally, under different names, by many vendors that have created tools and meth-
odologies for decision support. As noted in Section 1.3, as the enterprise-wide systems
grew, managers were able to access user-friendly reports that enabled them to make deci-
sions quickly. These systems, which were generally called EISs, then began to offer addi-
tional visualization, alerts, and performance measurement capabilities. By 2006, the major
commercial products and services appeared under the term business intelligence (BI).
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Definitions of Bl

Business intelligence (BI) is an umbrella term that combines architectures, tools, data-
bases, analytical tools, applications, and methodologies. It is, like DSS, a content-free
expression, so it means different things to different people. Part of the confusion about
BI lies in the flurry of acronyms and buzzwords that are associated with it (e.g., business
performance management [BPM]). BI's major objective is to enable interactive access
(sometimes in real time) to data, to enable manipulation of data, and to give business
managers and analysts the ability to conduct appropriate analyses. By analyzing historical
and current data, situations, and performances, decision makers get valuable insights that
enable them to make more informed and better decisions. The process of BI is based on
the transformation of data to information, then to decisions, and finally to actions.

A Brief History of Bl

The term BI was coined by the Gartner Group in the mid-1990s. However, as the history
in the previous section points out, the concept is much older; it has its roots in the MIS
reporting systems of the 1970s. During that period, reporting systems were static, were
two dimensional, and had no analytical capabilities. In the early 1980s, the concept of
EISs emerged. This concept expanded the computerized support to top-level managers
and executives. Some of the capabilities introduced were dynamic multidimensional (ad
hoc or on-demand) reporting, forecasting and prediction, trend analysis, drill-down to
details, status access, and critical success factors. These features appeared in dozens of
commercial products until the mid-1990s. Then the same capabilities and some new ones
appeared under the name BI. Today, a good Bl-based enterprise information system con-
tains all the information executives need. So, the original concept of EIS was transformed
into BI. By 2005, BI systems started to include artificial intelligence capabilities as well as
powerful analytical capabilities. Figure 1.9 illustrates the various tools and techniques that
may be included in a BI system. It illustrates the evolution of BI as well. The tools shown
in Figure 1.9 provide the capabilities of BI. The most sophisticated BI products include
most of these capabilities; others specialize in only some of them.

The Architecture of Bl

A BI system has four major components: a DW, with its source data; business analytics, a
collection of tools for manipulating, mining, and analyzing the data in the DW; BPM for
monitoring and analyzing performance; and a wuser interface (e.g., a dashboard). The
relationship among these components is illustrated in Figure 1.10.

The Origins and Drivers of Bl

Where did modern approaches to data warehousing and BI come from? What are their
roots, and how do those roots affect the way organizations are managing these initiatives
today? Today’s investments in information technology are under increased scrutiny in
terms of their bottom-line impact and potential. The same is true of DW and the BI appli-
cations that make these initiatives possible.

Organizations are being compelled to capture, understand, and harness their data to
support decision making to improve business operations. Legislation and regulation (e.g.,
the Sarbanes-Oxley Act of 2002) now require business leaders to document their business
processes and to sign off on the legitimacy of the information they rely on and report to
stakeholders. Moreover, business cycle times are now extremely compressed; faster, more
informed, and better decision making is, therefore, a competitive imperative. Managers
need the right information at the right time and in the right place. This is the mantra for
modern approaches to BI.
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Century: The Secrets of Creating Successful Business Intelligent Solutions. The Data Warehousing Institute, Seattle, WA,
2003, p. 32, lllustration 5.)

Organizations have to work smart. Paying careful attention to the management of BI
initiatives is a necessary aspect of doing business. It is no surprise, then, that organizations
are increasingly championing BI and under its new incarnation as analytics. Application
Case 1.1 illustrates one such application of BI that has helped many airlines as well as, of
course, the companies offering such services to the airlines.

43



44

Chapter 1

Application Case |.I

Sabre Helps Its Clients Through Dashboards and Analytics

Sabre is one of the world leaders in the travel indus-
try, providing both business-to-consumer services as
well as business-to-business services. It serves travel-
ers, travel agents, corporations, and travel suppliers
through its four main companies: Travelocity, Sabre
Travel Network, Sabre Airline Solutions, and Sabre
Hospitality Solutions. The current volatile global
economic environment poses significant competitive
challenges to the airline industry. To stay ahead of
the competition, Sabre Airline Solutions recognized
that airline executives needed enhanced tools for
managing their business decisions by eliminating
the traditional, manual, time-consuming process of
aggregating financial and other information needed
for actionable initiatives. This enables real-time deci-
sion support at airlines throughout the world to
maximize their (and in turn Sabre’s) return on infor-
mation by driving insights, actionable intelligence,
and value for customers from the growing data.

Sabre developed an Enterprise Travel Data
Warehouse (ETDW) using Teradata to hold its mas-
sive reservations data. ETDW is updated in near-
real time with batches that run every 15 minutes,
gathering data from all of Sabre’s businesses. Sabre
uses its ETDW to create Sabre Executive Dashboards
that provide near real-time executive insights using
a Cognos BI platform with Oracle Data Integrator
and Oracle Goldengate technology infrastructures.
The Executive Dashboards offer their client airlines’
top-level managers and decision makers a timely,
automated, user-friendly solution, aggregating criti-
cal performance metrics in a succinct way and pro-
viding at a glance a 360-degree view of the overall
health of the airline. At one airline, Sabre’s Executive
Dashboards provide senior management with a daily
and intraday snapshot of key performance indicators
in a single application replacing the once-a-week,
8-hour process of generating the same report from
various data sources. The use of dashboards is not
limited to the external customers; Sabre also uses
them for their assessment of internal operational
performance.

The dashboards help Sabre’s customers to have
a clear understanding of the data through the visual
displays that incorporate interactive drill-down capa-
bilities. It replaces flat presentations and allows for a
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more focused review of the data with less effort and
time. This facilitates team dialog by making the data/
metrics pertaining to sales performance available to
many stakeholders, including ticketing, seats sold
and flown, operational performance including the
data on flight movement and tracking, customer res-
ervations, inventory, and revenue across an airline’s
multiple distribution channels. The dashboard sys-
tems provide scalable infrastructure, graphical user
interface support, data integration, and aggregation
that empower airline executives to be more proac-
tive in taking actions that lead to positive impacts on
the overall health of their airline.

With its ETDW, Sabre could also develop other
Web-based analytical and reporting solutions that lev-
erage data to gain customer insights through analysis
of customer profiles and their sales interactions to cal-
culate customer value. This enables better customer
segmentation and insights for value-added services.

QUESTIONS FOR Discussion

1. What is traditional reporting? How is it used in
the organization?

2. How can analytics be used to transform the tra-
ditional reporting?

3. How can interactive reporting assist organiza-
tions in decision making?

What We Can Learn from This
Application Case

This case shows that organizations that earlier used
reporting only for tracking their internal business
activities and meeting the compliance requirements
set out by the government are now moving toward
generating actionable intelligence from their transac-
tional business data. Reporting has become broader
as organizations are now trying to analyze the
archived transactional data to understand the under-
lying hidden trends and patterns that will enable
them to make better decisions by gaining insights
into problematic areas and resolving them to pursue
current and future market opportunities. Reporting
has advanced to interactive online reports, which
enable the users to pull and build quick custom
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reports and even present the reports aided by visu-  Source: Teradata.com, “Sabre Airline Solutions,” Terry, D. (2011),

alization tools that have the ability to connect to the ‘Sabre Streamlines Decision Making,” http://www.teradatamaga
zine.com/v11n04/Features/Sabre-Streamlines-Decision-Making/

database, providing the capabilities of digging deep

. . (Accessed July 2016).
into summarized data.

A Multimedia Exercise in Business Intelligence

TUN includes videos (similar to the television show CSD to illustrate concepts of analytics
in different industries. These are called “BSI Videos (Business Scenario Investigations).”
Not only are these entertaining, but they also provide the class with some questions
for discussion. For starters, please go to http://www.teradatauniversitynetwork.com
/Library/Items/BSI-The-Case-of-the-Misconnecting-Passengers/ or www.youtube.com
/watch?v=NXEL5F4_aKA. Watch the video that appears on YouTube. Essentially, you
have to assume the role of a customer service center professional. An incoming flight is
running late, and several passengers are likely to miss their connecting flights. There are
seats on one outgoing flight that can accommodate two of the four passengers. Which
two passengers should be given priority? You are given information about customers’
profiles and relationships with the airline. Your decisions might change as you learn
more about those customers’ profiles.

Watch the video, pause it as appropriate, and answer the questions on which pas-
sengers should be given priority. Then resume the video to get more information. After
the video is complete, you can see the slides related to this video and how the analy-
sis was prepared on a slide set at www.slideshare.net/teradata/bsi-how-we-did-it-the
-case-of-the-misconnecting-passengers.

This multimedia excursion provides an example of how additional available infor-
mation through an enterprise DW can assist in decision making.

Although some people equate DSS with BI, these systems are not, at present, the
same. It is interesting to note that some people believe that DSS is a part of Bl—one of its
analytical tools. Others think that BI is a special case of DSS that deals mostly with report-
ing, communication, and collaboration (a form of data-oriented DSS). Another explana-
tion (Watson, 2005) is that BI is a result of a continuous revolution, and as such, DSS is
one of BI's original elements. Further, as noted in the next section onward, in many circles
BI has been subsumed by the new terms analytics or data science.

Transaction Processing versus Analytic Processing

To illustrate the major characteristics of BI, first we will show what BI is not—namely,
transaction processing. We’re all familiar with the information systems that support our
transactions, like ATM withdrawals, bank deposits, cash register scans at the grocery store,
and so on. These transaction processing systems are constantly involved in handling
updates to what we might call operational databases. For example, in an ATM withdrawal
transaction, we need to reduce our bank balance accordingly; a bank deposit adds to an
account; and a grocery store purchase is likely reflected in the store’s calculation of total
sales for the day, and it should reflect an appropriate reduction in the store’s inventory for
the items we bought, and so on. These online transaction processing (OLTP) systems
handle a company’s routine ongoing business. In contrast, a DW is typically a distinct sys-
tem that provides storage for data that will be used for analysis. The intent of that analysis
is to give management the ability to scour data for information about the business, and
it can be used to provide tactical or operational decision support, whereby, for example,
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line personnel can make quicker and/or more informed decisions. We will provide a more
technical definition of DW in Chapter 2, but suffice it to say that DWs are intended to work
with informational data used for online analytical processing (OLAP) systems.

Most operational data in enterprise resources planning (ERP) systems—and in its
complementary siblings like supply chain management (SCM) or CRM—are stored in
an OLTP system, which is a type of computer processing where the computer responds
immediately to user requests. Each request is considered to be a transaction, which is a
computerized record of a discrete event, such as the receipt of inventory or a customer
order. In other words, a transaction requires a set of two or more database updates that
must be completed in an all-or-nothing fashion.

The very design that makes an OLTP system efficient for transaction processing
makes it inefficient for end-user ad hoc reports, queries, and analysis. In the 1980s, many
business users referred to their mainframes as “black holes ” because all the information
went into them, but none ever came back. All requests for reports had to be programmed
by the IT staff, whereas only “precanned” reports could be generated on a scheduled
basis, and ad hoc real-time querying was virtually impossible. Although the client/server-
based ERP systems of the 1990s were somewhat more report-friendly, it has still been
a far cry from a desired usability by regular, nontechnical, end users for things such as
operational reporting, interactive analysis, and so on. To resolve these issues, the notions
of DW and BI were created.

DWs contain a wide variety of data that present a coherent picture of business con-
ditions at a single point in time. The idea was to create a database infrastructure that was
always online and contained all the information from the OLTP systems, including histori-
cal data, but reorganized and structured in such a way that it was fast and efficient for
querying, analysis, and decision support. Separating the OLTP from analysis and decision
support enables the benefits of BI that were described earlier.

Appropriate Planning and Alignment with the Business Strategy

First and foremost, the fundamental reasons for investing in BI must be aligned with the
company’s business strategy. BI cannot simply be a technical exercise for the information
systems department. It has to serve as a way to change the manner in which the company
conducts business by improving its business processes and transforming decision-making
processes to be more data driven. Many BI consultants and practitioners involved in suc-
cessful BI initiatives advise that a framework for planning is a necessary precondition.
One framework, developed by Gartner, Inc. (2004), decomposes planning and execution
into business, organization, functionality, and infrastructure components. At the busi-
ness and organizational levels, strategic and operational objectives must be defined while
considering the available organizational skills to achieve those objectives. Issues of organi-
zational culture surrounding BI initiatives and building enthusiasm for those initiatives and
procedures for the intra-organizational sharing of BI best practices must be considered by
upper management—with plans in place to prepare the organization for change. One of
the first steps in that process is to assess the IS organization, the skill sets of the potential
classes of users, and whether the culture is amenable to change. From this assessment,
and assuming there is justification and the need to move ahead, a company can prepare a
detailed action plan. Another critical issue for BI implementation success is the integration
of several BI projects (most enterprises use several BI projects) among themselves and
with the other IT systems in the organization and its business partners.

If the company’s strategy is properly aligned with the reasons for DW and BI initia-
tives, and if the company’s IS organization is or can be made capable of playing its role in
such a project, and if the requisite user community is in place and has the proper motiva-
tion, it is wise to start BI and establish a BI Competency Center within the company. The
center could serve some or all of the following functions (Gartner, 2004):
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e The center can demonstrate how BI is clearly linked to strategy and execution of
strategy.

* A center can serve to encourage interaction between the potential business user
communities and the IS organization.

e The center can serve as a repository and disseminator of best BI practices between
and among the different lines of business.

e Standards of excellence in BI practices can be advocated and encouraged through-
out the company.

e The IS organization can learn a great deal through interaction with the user com-
munities, such as knowledge about the variety of types of analytical tools that are
needed.

e The business user community and IS organization can better understand why the DW
platform must be flexible enough to provide for changing business requirements.

e It can help important stakeholders like high-level executives see how BI can play
an important role.

Another important success factor of BI is its ability to facilitate a real-time, on-
demand agile environment, introduced next.

Real-Time, On-Demand Bl Is Attainable

The demand for instant, on-demand access to dispersed information has grown as the need
to close the gap between the operational data and strategic objectives has become more
pressing. As a result, a category of products called real-time BI applications has emerged.
The introduction of new data-generating technologies, such as RFID and other sensors
is only accelerating this growth and the subsequent need for real-time BI. Traditional BI
systems use a large volume of static data that has been extracted, cleansed, and loaded
into a DW to produce reports and analyses. However, the need is not just reporting
because users need business monitoring, performance analysis, and an understanding of
why things are happening. These can assist users, who need to know (virtually in real
time) about changes in data or the availability of relevant reports, alerts, and notifications
regarding events and emerging trends in social media applications. In addition, business
applications can be programmed to act on what these real-time BI systems discover. For
example, an SCM application might automatically place an order for more “widgets” when
real-time inventory falls below a certain threshold or when a CRM application automati-
cally triggers a customer service representative and credit control clerk to check a cus-
tomer who has placed an online order larger than $10,000.

One approach to real-time BI uses the DW model of traditional BI systems. In this
case, products from innovative BI platform providers provide a service-oriented, near-
real-time solution that populates the DW much faster than the typical nightly extract/
transfer/load batch update does (see Chapter 3). A second approach, commonly called
business activity management (BAM), is adopted by pure-play BAM and/or hybrid BAM-
middleware providers (such as Savvion, Tteration Software, Vitria, webMethods, Quantive,
Tibco, or Vineyard Software). It bypasses the DW entirely and uses Web services or other
monitoring means to discover key business events. These software monitors (or intelli-
gent agents) can be placed on a separate server in the network or on the transactional
application databases themselves, and they can use event- and process-based approaches
to proactively and intelligently measure and monitor operational processes.

Developing or Acquiring Bl Systems

Today, many vendors offer diversified tools, some of which are completely prepro-
grammed (called shells); all you have to do is insert your numbers. These tools can be pur-
chased or leased. For a list of products, demos, white papers, and more current product
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information, see product directories at tdwi.org. Free user registration is required. Almost
all BI applications are constructed with shells provided by vendors who may themselves
create a custom solution for a client or work with another outsourcing provider. The issue
that companies face is which alternative to select: purchase, lease, or build. Each of these
alternatives has several options. One of the major criteria for making the decision is justi-
fication and cost-benefit analysis.

Justification and Cost-Benefit Analysis

As the number of potential BI applications increases, the need to justify and prioritize
them arises. This is not an easy task due to the large number of intangible benefits. Both
direct and intangible benefits need to be identified. Of course, this is where the knowl-
edge of similar applications in other organizations and case studies is extremely useful.
For example, The Data Warehousing Institute (tdwi.org) provides a wealth of information
about products and innovative applications and implementations. Such information can
be useful in estimating direct and indirect benefits.

Security and Protection of Privacy

This is an extremely important issue in the development of any computerized system,
especially BI that contains data that may possess strategic value. Also, the privacy of
employees and customers needs to be protected.

Integration of Systems and Applications

With the exception of some small applications, all BI applications must be integrated with
other systems such as databases, legacy systems, enterprise systems (particularly ERP and
CRM), e-commerce (sell side, buy side), and many more. In addition, BI applications are usu-
ally connected to the Internet and many times to information systems of business partners.
Furthermore, BI tools sometimes need to be integrated among themselves, creating
synergy. The need for integration pushed software vendors to continuously add capabili-
ties to their products. Customers who buy an all-in-one software package deal with only
one vendor and do not have to deal with system connectivity. But, they may lose the
advantage of creating systems composed from the “best-of-breed” components.

SECTION 1.4 REVIEW QUESTIONS

1. Define BI.

2. List and describe the major components of BI.

3. Define OLTP.

4. Define OLAP.

5. List some of the implementation topics addressed by Gartner’s report.
6. List some other success factors of BI.

m Analytics Overview

The word analytics has largely replaced the previous individual components of computer-
ized decision support technologies that have been available under various labels in the
past. Indeed, many practitioners and academics now use the word analytics in place of BL.
Although many authors and consultants have defined it slightly differently, one can view
analytics as the process of developing actionable decisions or recommendations for actions
based on insights generated from historical data. According to the Institute for Operations
Research and Management Science (INFORMS), analytics represents the combination of
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computer technology, management science techniques, and statistics to solve real prob-
lems. Of course, many other organizations have proposed their own interpretations and
motivations for analytics. For example, SAS Institute Inc. proposed eight levels of analytics
that begin with standardized reports from a computer system. These reports essentially
provide a sense of what is happening with an organization. Additional technologies have
enabled us to create more customized reports that can be generated on an ad hoc basis.
The next extension of reporting takes us to OLAP-type queries that allow a user to dig
deeper and determine specific sources of concern or opportunities. Technologies available
today can also automatically issue alerts for a decision maker when performance warrants
such alerts. At a consumer level we see such alerts for weather or other issues. But similar
alerts can also be generated in specific settings when sales fall above or below a certain
level within a certain time period or when the inventory for a specific product is running
low. All of these applications are made possible through analysis and queries on data being
collected by an organization. The next level of analysis might entail statistical analysis to
better understand patterns. These can then be taken a step further to develop forecasts or
models for predicting how customers might respond to a specific marketing campaign or
ongoing service/product offerings. When an organization has a good view of what is hap-
pening and what is likely to happen, it can also employ other techniques to make the best
decisions under the circumstances. These eight levels of analytics are described in more
detail in a white paper by SAS (sas.com/news/sascom/analytics_levels.pdf).

This idea of looking at all the data to understand what is happening, what will happen,
and how to make the best of it has also been encapsulated by INFORMS in proposing three
levels of analytics. These three levels are identified (informs.org/Community/Analytics) as
descriptive, predictive, and prescriptive. Figure 1.11 presents a graphical view of these three
levels of analytics. It suggests that these three are somewhat independent steps and one type
of analytics applications leads to another. Tt also suggests that there is actually some overlap
across these three types of analytics. In either case, the interconnected nature of different
types of analytics applications is evident. We next introduce these three levels of analytics.

Business Analytics

Descriptive Predictive Prescriptive

)]

C

-2 What happened? What will happen? What should | do?
@ What is happening? Why will it happen? Why should | do it?
G

v v Business reporting v Data mining v Optimization

% v/ Dashboards v Text mining v/ Simulation

@ v Scorecards v Web/media mining v Decision maodeling
v Data warehousing v Forecasting v Expert systems
[}

GE’ Well-defined Accurate projections Best possible

S business problems of future events and business decisions
é and opportunities outcomes and actions

FIGURE I.11 Three Types of Analytics.
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Descriptive Analytics

Descriptive (or reporting) analytics refers to knowing what is happening in the
organization and understanding some underlying trends and causes of such occur-
rences. First, this involves the consolidation of data sources and availability of all
relevant data in a form that enables appropriate reporting and analysis. Usually, the
development of this data infrastructure is part of DWs. From this data infrastructure
we can develop appropriate reports, queries, alerts, and trends using various reporting
tools and techniques.

A significant technology that has become a key player in this area is visualization.
Using the latest visualization tools in the marketplace, we can now develop powerful
insights in the operations of our organization. Application Cases 1.2 and 1.3 highlight
some such applications. Color renderings of visualizations discussed in these applications
are available online or the book’s companion Web site (dssbibook.com).

Application Case 1.2

Silvaris Increases Business with Visual Analysis and Real-Time Reporting Capabilities

Silvaris Corporation was founded in 2000 by a team
of forest industry professionals to provide techno-
logical advancement in the lumber and building
material sector. Silvaris is the first e-commerce plat-
form in the United States specifically for forest prod-
ucts and is headquartered in Seattle, Washington. Tt
is a leading wholesale provider of industrial wood
products and surplus building materials.

Silvaris sells its products and provides interna-
tional logistics services to more than 3,500 custom-
ers. To manage various processes that are involved
in a transaction, they created a proprietary online
trading platform to track information flow related to
transactions between traders, accounting, credit, and
logistics. This allowed Silvaris to share its real-time
information with its customers and partners. But
due to the rapidly changing prices of materials, it
became necessary for Silvaris to get a real-time view
of data without moving data into a separate report-
ing format.

Silvaris started using Tableau because of its
ability to connect with and visualize live data. Due
to dashboards created by Tableau that are easy
to understand and explain, Silvaris started using
Tableau for reporting purposes. This helped Silvaris
in pulling out information quickly from the data and
identifying issues that impact their business. Silvaris
succeeded in managing online versus offline orders
with the help of reports generated by Tableau. Now,

Silvaris keeps track of online orders placed by cus-
tomers and knows when to send renew pushes to
which customers to keep them purchasing online.
Also, analysts of Silvaris can save time by generating
dashboards instead of writing hundreds of pages of
reports by using Tableau.

QUESTIONS FOR Discussion
1. What was the challenge faced by Silvaris?

2. How did Silvaris solve its problem using data
visualization with Tableau?

What We Can Learn from This
Application Case

Many industries need to analyze data in real time.
Real-time analysis enables the analysts to identify
issues that impact their business. Visualization is
sometimes the best way to begin analyzing the live
data streams. Tableau is one such data visualiza-
tion tool that has the capability to analyze live data
without bringing live data into a separate reporting
format.

Sources: Tableau.com,“Silvaris Augments Proprietary Technology
Platform with Tableau’s Real-Time Reporting Capabilities,”
http://www.tableau.com/sites/default/files/case-studies/silvaris-
business-dashboards_0.pdf (accessed July 2016); Silvaris.com,
“Overview,” http://www.silvaris.com/About/ (accessed July 2016).
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Siemens Reduces Cost with the Use of Data Visualization

Siemens is a German company headquartered in
Berlin, Germany:. It is one of the world’s largest com-
panies focusing on the areas of electrification, auto-
mation, and digitalization. It has an annual revenue
of 76 billion euros.

The visual analytics group of Siemens is tasked
with end-to-end reporting solutions and consulting
for all of Siemens internal BI needs. This group was
facing the challenge of providing reporting solutions
to the entire Siemens organization across different
departments while maintaining a balance between
governance and self-service capabilities. Siemens
needed a platform that could analyze their multiple
cases of customer satisfaction surveys, logistic pro-
cesses, and financial reporting. This platform should
be easy to use for their employees so that they can
use this data for analysis and decision making. In
addition, the platform should be easily integrated
with existing Siemens systems and give employees a
seamless user experience.

They started using Dundas BI, a leading global

global logistics organization answer questions like
how different supply rates at different locations affect
the operation, thus helping them to reduce cycle time
by 12% and scrap cost by 25%.

QUESTIONS FOR Discussion

1. What challenges were faced by Siemens visual
analytics group?

2. How did the data visualization tool Dundas BI
help Siemens in reducing cost?

What We Can Learn from This
Application Case

Many organizations want tools that can be used to
analyze data from multiple divisions. These tools can
help them improve performance and make data dis-
covery transparent to their users so that they can
identify issues within the business easily.

Sources: Dundas.com, “How Siemens Drastically Reduced Cost

with Managed BI Applications,” http://www.dundas.com/resource
/getcasestudy?caseStudyName=09-03-2016-Siemens%2FDundas
-Bl-Siemens-Case-Study.pdf (accessed July 2016); Wikipedia.org,
“SIEMENS,” https://en.wikipedia.org/wiki/Siemens (accessed
July 2016); Siemens.com, “About Siemens,” http://www.siemens.
com/about/en/ (accessed July 2016).

provider of BI and data visualization solutions. It
allowed Siemens to create highly interactive dash-
boards that enabled Siemens to detect issues early
and thus save a significant amount of money. The
dashboards developed by Dundas BI helped Siemens

Predictive Analytics

Predictive analytics aims to determine what is likely to happen in the future. This analy-
sis is based on statistical techniques as well as other more recently developed techniques
that fall under the general category of data mining. The goal of these techniques is to be
able to predict if the customer is likely to switch to a competitor (“churn”), what the cus-
tomer would likely buy next and how much, what promotions a customer would respond
to, whether this customer is a creditworthy risk, and so forth. A number of techniques
are used in developing predictive analytical applications, including various classification
algorithms. For example, as described in Chapters 4 and 5, we can use classification tech-
niques such as logistic regression, decision tree models, and neural networks to predict
how well a motion picture will do at the box office. We can also use clustering algorithms
for segmenting customers into different clusters to be able to target specific promotions to
them. Finally, we can use association mining techniques to estimate relationships between
different purchasing behaviors. That is, if a customer buys one product, what else is the
customer likely to purchase? Such analysis can assist a retailer in recommending or pro-
moting related products. For example, any product search on Amazon.com results in the
retailer also suggesting other similar products that a customer may be interested in. We
will study these techniques and their applications in Chapters 3 through 6. Application
Case 1.4 illustrates one such application in sports.
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