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Chapter 1

Introduction

La ®loso®d@ scritta in questo grandissimo libro che continuamente ci sta aperto innanzi a gli
occhi (io dico l'universo), ma non si gintendere se prima non s'impara a intender la
lingua, e conoscer i caratteri, ne' quélscritto. Eglidscritto in lingua matematica, e i

caratteri son triangoli, cerchi, ed altre ®gure geometriche, senza i quakéinegossibile a
intenderne umanamente parola;
senza questun aggirarsi vanamente per un oscuro laberinto.

Philosophy is written in this grand book (I mean the universe) which stands continually open
to our gaze, but it cannot be understood unless one ®rst learns to comprehend the language in
which it is written. It is written in the language of mathematics, and its characters are
triangles, circles, and other geometric ®guresvithout which it is humanly impossible to
understand a single word of it;
without these, one is wandering about in a dark labyrinth.
(Galileo, Il Saggiatore, 1623)

It is obvious, you can see itIThink about how many times you intuitively asso-
ciate clarity and real understanding with vision. The word intelligence itself derives
from the Latin verhintelligere (coming fromintus legere 2reading into something,°
a close cousin of ginsight®), again related to reading and seeing. Humans are innately
visual creatures and a big portion of our brain is devoted to processing visual infor-
mation. Our ancestors needed to be very fast to identify predators in the jungle and to
react accordingly. They did not survive and transmit genes if they did not. We need
to be very fast to transform huge amounts of information into insight, knowledge,
engineering designs, choices, decisions.

We decided to unite in this book aspects relatethtmleling and aspects related
to visualizing data and models. We are concerned with explanations of our world
which can be used, used to predict, used to build tools. This means measuring objects
and events, mining and analyzing massive amounts of data, and discovering interest-
ing relationships emerging from the datdisual analyticsis a term used to denote
analytical reasoning facilitated by interactive visual interfaces. The effort is surely re-
lated todata mining the process of automatically extracting interesting patterns from
massive amounts of data.
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Data mining

Feedback / Learning Models

by software and people (short descriptions)

Visualization

Figure 1.1: Reactive Business Intelligence: from data to insight by integrating mod-
els, visualization and learning methods into a creative and effective cycle.

We prefer the terniReactive Business IntelligencéRBI) to underline its practi-
cal orientation and the fast reaction implied by two basic learning components, one
connecting the user to the software, a second one internal to the software, through
automated and intelligent self-tuning methods. A connection between visualization
and problem-solving strategies is also at the heart of RBI: the decision maker can be,
and should be, in an interactive loop, rapidly reacting to ®rst results and visualizations
to direct the subsequent efforts to suit his needs and preferences.

A paradigm for discovery is provided by the so callads of nature like Newton,
one starts from measurements (as of objects falling to the ground), abstracts the rele-
vant characteristics by ®Iltering irrelevant details, proposes a law of gravitation unify-
ing descriptions of diverse phenomena to make them 2explanatory,° as in explaining
how an apple falls and how the moon rotates around the earth. Laws are to be vali-
dated by experiments, and possibly falsi®ed and replaced by more accurate'models
(think about the Michelson-Morley experiment bringing strong evidence against the
theory of aluminiferous aether But we are also able to pro®t from models which
are less clean and precise than the laws of nature, like empirical models to explain the

1This method of assumption and falsi®cation can be traced back at least to theHellenistic philoso-
pher Epicurus (c.341-270 BC) and his book 2Letter to Herodotus.® The assumptigpasl€psiy are
created by our sensations, concepts and emotions. Since they are produced automatically without any
rational analysis and veri®cation of whether they are correct or not, they need to be valkqited (
marteresis con®rmation).
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meaning of relevant documents in the web, models to predict if a customer will like
a movie from data collected by other customers, models to cluster entities and reason
about them.

In addition to modeling and visualizing data or informationleamotiv of the
book is thepower of abstraction. Without this underlying force to simplify and ®nd
commonalities among super®cially different phenomena one is easily lost among a
sea of details. In reverse, understanding abstraction means discoverieglzn-
ing in science and technology is always deeply related to unifyinglf you think
objectively, the law of gravitation does not explaimy objects are falling (it does
not explain the deep philosophical reasons), it simply explaowgthey fall, cover-
ing an in®nite number of cases in an amazingly summarized nfadnsounds, and
it is, super®cial, not touching the essence of phenomena, but it is for sure effective,
reproducible and successful.

Pragmatically, with abstraction and knowledge of basic mathematical tools one
is ready tosolve new challenging problems by discovering some abstract resem-
blance to known casesFor example, if one understands linear algebra (eigenvalues
and eigenvectors) one may use it to discover new ways of analyzing huge collec-
tions of documents like the web, and creating extremely successful and pro®table
search methods. If one knows the inexhaustible source of power deriving from basic
minimization techniques liketeepest descerdne may use it to build powerful and
“exible machines learning from examples, like thmultilayer perceptrorwith error
back-propagation.

Reactive Business Intelligencés much more than 2pretty pictures.® It is about
integrating data mining, modeling and interactive visualization, into an end-to-end
discovery and continuous innovation process powered by human and automated learn-
ing. The concept is illustrated in Fig. 1.1. This holistic and unifying goal requires
collecting and integrating topics which are usually dissected into books dedicated to
different areas. Brevity and attention to the founding ideas and methods were our
design principles.

We hope that this book will be useful to students (who, by the way, can bene®t
by using visualizations as a powerful wayresmnembetopics), researchers, and prac-
titioners in widely different areas and business sectors. Last but not least, there can
be an aesthetic satisfaction by usipgper visualizations which can reach artistic
emotions, although maybe not at the same level as Raffaello's painting in Fig. 1.2.

As a rough indication of the dif®culties of the various sections, two icons with a
newborn dwarf (simple) and an old and wise one (more dif®cult) will accompany the
reader, although the actual dif®culty is of course related to one's background and can
be different from our tentative classi®cation.

2In more precise philosophical terms, the law of gravitation provides a mechanistic description to
why objects fall and not &eleologicalexplanation, it does not reveal an underlying purpose to the
motion of objects.
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Easy topic Advanced topic

To make abstract concepts concrete and visual the software program Grapheur is
used in many examples of the book. We encourage you to download a free evaluation
copy at the web site:
www.grapheur.com
Our goal was ambitious, the ®nal but incomplete result is now to be judged by you,
our reader. Take the plunge into Reactive Business Intelligence!

Figure 1.2: The School of Athens, by the Renaissance artist Raphael, 1510.

1.1 Acknowledgements

We would like to thank the following people for help during the development of this
book. Our colleague Guy Lebanon for discussions related to information visualization
and university courses, Marco Dianti and Enrico Sartori for providing comments and
many of the artistic 2hand-made® ®gures that populate this book.

Wikipedia has also been mined for useful de®nitions of standard statistical and
mathematical terms, a sign of gratitude goes to the countless contributors of this effort
(including the sons of one of the authors).






