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INTRODUCTION

Information about theexternal environment and organiza-
tional processesareamong the most worthwhileinput for
business intelligence (Bl). Nowadays, companies have
plenty of informationin structured or textual forms, either
from external monitoring or fromthe corporativesystems.
In the last years, the structured part of this information
stock has been massively explored by means of data-
mining (DM) techniques (Wang, 2003), generating mod-
els that enable the analysts to gain insights on the
solutionsfor organizational problems. Onthetext-mining
(TM) side, the rhythm of new applications development
did not go so fast. In an informal poll carried out in 2002
(Kdnuggets), just 4% of the knowledge-discovery-from-
databases (KDD) practitioners were applying TM tech-
niques. This fact is as intriguing as surprising if one
considers that 80% of all information available in an
organization comesintextual form(Tan, 1999).

In their popular model to explain the phases of tech-
nology adoption (Figure 1), Moore and M cK enna (1999)
discuss the existence of a chasm between the “early
adopters, visionaries,” and the “early majority pragma-
tists” phases that a technology has to cross in order to
becomeextensively adopted. From our point of view, TM
iscrossing thischasmyet. Although thereistheexistence
of maturetool sinthe market, and anincreasing number of
successful case studies have been presented (Ferneda,
Prado, & Silva, 2003; Fliedl & Weber, 2002; Dini & Mazzini,
2002; Prado, Oliveira, Ferneda, Wives, Silva, & Loh, 2004),

it seems that the community is still leaving the second
phase. However, the results presented in the case studies
point out that the broad adoption of TM will happeninthe
near future.

BACKGROUND

When studying the relations between TM and BI, it is
necessary to takeinto account an important intermediate
layer between them: the knowledge-management (KM)
process. KM refersto the set of activitiesresponsible for
carrying theinformation al ong the organi zation and mak-
ing knowledge available whereit is necessary.
Toclarify therelationsbetween TM and Bl, under the
point of view of aKM model, we adopted the generic KM
model (Figure 2) proposed by Stollenwerk (2001). The
model is made up of seven processes: (a) identification
and development of the critical abilities, (b) capture of
knowledge, skills, and experiencesto createand maintain
skills, (c) selectionand validationthat filter, evaluate, and
summarize the acquired knowledge for future use, (d)
organization and storage to assure the quick and correct
recovery of the stored knowledge, (€) sharing that makes
easy the accessto information and knowledge, (f) appli-
cationinwhichtheknowledgeisappliedinreal situations,
and (g) creation that comprises the activities of sharing
tacit knowledge, creating concepts, building archetypes,
and cross-leveling knowledge. Involving the mentioned
processes, there exist the aspects of |eadership, organi za-
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Figure 1. Moore's and McKenna’'s (1999) life cycle of technology adoption
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Figure 2. Generic KM model of Stollenwerk (2001)

tional culture, measuring and compensation, and technol -
ogy. Themainrelation between TM and KM islocated in
the creation process. By applying the TM techniques
discussedinthenext section, itispossibletofind patterns
that, adequately interpreted, can leverage the concept-
creation activity.

METHODS AND TECHNIQUES FOR
TEXT MINING

Text mining can be defined as the application of compu-
tational methodsand techniquesover textual datainorder
to find relevant and intrinsic information and previously
unknown knowledge.
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Text-mining techniques can be organized into four
categories: classification, association analysis, informa-
tion extraction, and clustering. Classification techniques
consist of theallocation of objectsinto predefined classes
or categories. They are used to identify the class or
category of texts in tasks such as topic spotting (the
identification of aknown topic or subject in adocument)
and document routing or filtering (the selection of rel-
evant documents to a process or to someone).

Association analysisisused toidentify correlation or
dependencies among elements or attributes (words or
concepts present in documents). It helps the identifica-
tion of words or concepts that co-occur together and,
consequently, to understand the contents of a document
or set of documents and their relationships.
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