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uring the late 1980s,
several trends in com-
puting, including the
emergence of client-
server technology, the

growing popularity of structured query
language (SQL), the gravity of “the
islands of information” problem, and
the inaccessibility of much of the struc-
tured information “hidden away” in
both legacy and SQL transactional data-
bases led to the development of large,
physically centralized, structured data-
bases called data warehouses. These
were intended for decision support.
SQL-querying technology, however, was
not sufficient to deliver the hoped-for
information value, and the 1990s led to
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D
the rapid growth of data warehousing
and to the development and spread of
new technologies for getting useful
information out of those surprisingly
unwieldy first-generation data ware-
houses.

One of these new technologies is
data mining, a term based on the idea
that very large databases are “moun-
tains” of information that can be
“mined” for “nuggets” of great value if
the right technology is applied. During
the 1980s and increasingly during the
1990s, data mining technology was
becoming available in the form of statis-
tical and artificial intelligence-based
models and computing algorithms.
Additionally, new software technology

was being developed for integrating dis-
tributed systems based on object and
web technology. The result of this con-
fluence between need and technology
has been a continually growing data
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mining industry containing scores of
new companies selling to large, mid-
sized – and even small – organizations.
There are several sectors interested in
data mining: banking, medicine, insur-
ance, retailing, and government. Data
mining supports many goals, such as
reducing costs, enhancing or reusing
research, increasing sales, and detecting
fraud.

The image suggested by the term
“data mining” is an attractive one, but,
unfortunately, it may not be very
informative to those records and infor-
mation management (RIM) profession-
als who need to know what data mining
means for them. RIM managers need
answers to these questions.

• What is the process context of data
mining?

• What is its value for RIM managers?

• What is the relationship between
data mining and knowledge discov-
ery in databases (KDD)?

• How does one get started in a data
mining process? 

• In what direction is this fast-moving
field going? 

The most compelling reason for
RIM managers to take an interest in data
mining is simply this: the “data” in “data
mining” are, for the most part, records
created in the normal course of business
of any organization. Records, then,
become the structured data foundation
to the data mining process.

What Is Data Mining?
Definitions of data mining abound,

and they vary among practitioners. (See
Sidebar,“Definitions of Data Mining” on
page 50.)

Selecting just one of the definitions
is not as important as realizing that peo-
ple will use the term data mining in at
least the four ways described in the side-
bar. It will be up to information man-
agers to decide which meaning their
organization assigns to it. Definition 3 is
used in this article because it has the
advantage of distinguishing “data min-

ing” from traditional analyses by empha-
sizing its automated character in gener-
ating patterns and relationships. It also
clearly distinguishes data mining from
knowledge discovery by emphasizing the
much broader character of KDD as an
overarching process, including steps dis-
tinct from data mining and relying more
heavily on human interaction.

What Is the Process Context
of Data Mining?

The process context leads to the
more comprehensive process of KDD
within which data mining occurs. KDD
starts with problems – seeking them in
routine situations, recognizing them,
and clearly articulating them. It contin-
ues with gathering information about a
problem and its potential solutions. At
that point, hypotheses or models are
developed that are central to the solu-
tion. There are many alternative ways of
developing models, including intuition,
a literature review, mathematical mod-
eling, and facilitation processes, that do
not involve data mining, even when sta-
tistical and modeling techniques are
used as part of the KDD process. But, at
this point, one can make the choice to
apply automated analysis to an organi-
zation’s very large database – that is,
data mining – as an initial method of
arriving at alternative patterns and/or
relationships.

When that decision is made, then
the steps of selecting, pre-processing,
and transforming data must be complet-
ed, as well as the step of selecting data
mining tools before data mining itself
can be performed. Also, once data min-
ing is completed, KDD is still far from
done. The patterns found by data mining
must still be interpreted and evaluated,
and further statistical analysis and ana-
lytical modeling frequently is needed to
refine, test, and evaluate the discovered
patterns. In short, the process context of
data mining is KDD, and KDD, in turn,
is a knowledge life cycle originating in a
problem, proceeding with attempts to
discover patterns through a number of
steps, that include – but go beyond –

data mining, and ending with evaluating,
interpreting, and selecting patterns that
solve the original problem.

What Is Its Value for RIM
Professionals?

What good is data mining to RIM
professionals? Of course, it depends on
the person and his or her role. Using the
results of KDD that rely on data mining
can help with very routine decisions
almost anywhere in the enterprise. Mike
Ferguson gives a good example in his
article “Integrating Business Intelligence
into the Enterprise: Part II” regarding a
bank call-center operator who receives a
lending recommendation on his screen
and applies a data mining-derived pre-
dictive model to a database to develop a
risk score and an associated loan recom-
mendation. Another example is the
physician who receives an alert from a
prescription order entry system about
possible side effects of a scrip along with
a report of the conditions
and frequency with
which the side
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effects occur.
If there is a problem to solve and per-

forming KDD to produce an  explanato-
ry causal or  predictive model is being
considered, then using a data mining step
– in addition to traditional statistical
analysis – can be very valuable. In the
article 

“Putting Data Mining in Its Place,”
Dorian Pyle tells the story of a bank that
turned to data mining when its huge
direct mail marketing effort to increase
loan inventory failed miserably. Data
mining was able to work through 2.5
million accounts looking for those that
were the most profitable. It showed that
a tiny segment, one comprising only 0.1
percent of the accounts, comprised 30
percent of all people who bought ski
equipment valued at $3,000 or more in
a 30-day period and then later bought
travel packages valued at an additional
$3,000 or more. When the bank used
this information to implement a mar-
keting package to 8,300 others in its
database who had bought $3,000 in ski
equipment in 30 days, an additional
3,300 people responded to its offer, pur-
chased an additional $3,000 loan, and
helped the bank increase its loan inven-
tory by $10 million. In commenting on
this case, Pyle makes the important
point that this 0.1 percent segment, dis-
covered by the brute force approach of
data mining, would probably have
been missed by traditional sta-
tistical analysis because its
small size makes it statis-
tically insignificant.
However, from the
causal, predictive, and

commercial points of view, it was high-
ly significant, and its discovery illus-
trates one of the advantages of data
mining over more traditional
approaches in the KDD process.

Though data mining can be very
useful in arriving at models, an impor-
tant caution for RIM managers to keep
in mind is that data mining is not
magic. That is, merely taking a data set,
clicking an on-screen icon, and expect-
ing to solve a problem will not work.
The steps of KDD surrounding data
mining involve continuous interaction
of humans and computers. How well
those steps are performed depends on
the skills and background knowledge of
humans.

During the early days of data min-
ing, some of its exponents claimed that
data mining software would generate
good results even though the data min-
ers using it were not highly skilled or
trained analysts or statisticians. But this
notion has proved to be oversimplified.
All the steps in KDD preceding and fol-
lowing data mining require good tech-
nical skills and business experience to
perform effectively, and, in the end, they
– not a computer – determine the suc-
cess or failure of the automated data

mining step. When it comes to KDD,
then, there is no free lunch or “magic.”
There are only careful and smart
humans working through difficult
problems with, admittedly, more lever-
age than they used to have over their
databases.

Enhancing the Quality of
Information

The job of the RIM professional is
to enhance the quality of the informa-
tion in the enterprise by enhancing the
quality of the processes used in produc-
ing, storing, using, and integrating
information within it. Much, not all, of
this information is in the form of struc-
tured information – i.e., records – and is
found in enterprise databases. Data-
mining capability enables staff to
enhance the quality of this information
by facilitating knowledge discovery in
these databases. Other capabilities,
however, such as SQL and online ana-
lytical processing (OLAP), do not dis-
cover new patterns as much as they con-
firm patterns already thought and artic-
ulated by the investigator. As noted
above, data mining can discover pat-
terns and relationships that convention-
al statistical approaches can easily miss.

So, RIM managers who add
data mining to their

information   
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technology arsenal are enhancing the
KDD process by adding an additional
and powerful capability to create infor-
mation that through interpretation and
evaluation can lead to new knowledge –
information of even greater quality and
value.

During business or intelligence
crises, the contribution of data mining
to KDD can be very valuable for RIM
managers. Pyle’s example of the failure of
the bank’s marketing campaign may be
resolved successfully with the aid of a
RIM manager, who brings new value-
added strategies. On the other hand, such
situations must be approached carefully
since data mining results can be misin-
terpreted by unskilled analysts or infor-
mation workers who uncritically use
data mining software without an aware-
ness of the business problems being
investigated – or of the characteristics
and pitfalls of the particular data mining
technologies they were using. There are
many data mining software applications
available, but all do not work equally well
on the same type of analysis.

Part of the job of RIM managers is
to specify and implement changes in
formal rules and procedures for han-
dling information in IT environments.
Data mining can help RIM managers
model the likely impact of these
changes and measure their impact after
implementation.

Getting Started
When getting started in a new field,

familiarity with some of its leading
works is helpful. Pyle’s books, such as
Business Modeling and Data Mining and
Data Preparation for Data Mining,
along with Michael Berry and Gordon
Linoff ’s Data Mining Techniques and
Mastering Data Mining are widely read.
A good comprehensive treatment is
given by Jiawei Han and Micheline
Kamber in Data Mining: Concepts and
Techniques.

The state of software in data min-
ing is more complex. During the early
days in the field, there were only small
companies in the market, as large ven-
dors would not take the risk of moving

into an unproven field. Today, however,
the primary vendors of statistical pack-
ages now all have comprehensive offer-
ings in data mining, and one of them
could be the foundation of a new data
mining initiative, especially if there is
interest in integrating data mining
infrastructure with the rest of the orga-
nization’s IT architecture. A big issue is
whether the data being mined will
remain in one's own data warehouses or
be migrated to a specialized data mining
application server or client machine.
The primary vendors can often offer
better facilities for integrating either
home-grown or third-party algorithms
into their platforms. Having said that,
data mining is one field where it is
important to keep an eye out for novel

techniques or off-the-shelf software
providing convenient integration of
older techniques; these are often intro-
duced by small companies.

A new trend in data mining is its
incorporation in offerings of business
intelligence (BI), database, and ERP
vendors.

Concerns About Data Mining Use
While the technological uses of data

mining are attractive, there are several
issues that must be addressed. Ensuring
the quality of the data mined – com-
pleteness, currency, and accuracy, for
example – require considerable staff
time. Privacy is a concern within the
commercial and governmental sectors.
For example, will data used for one pur-

Definitions of Data Mining
ere are four representative definitions reflecting some-
what  different ideas about its nature.

1 Data mining is traditional data analysis methodology updated
with the most current advanced analysis techniques applied to
discovering previously unknown patterns in large data  bases.

2. Data mining is the activity of automatically extracting hidden
information (patterns and relationships) from large databases
without benefit of human intervention or initiative in the
knowledge discovery process.

3. Data mining is the step in the process of knowledge discovery
in large databases that (a) inputs predominantly cleaned,
transformed data, (b) searches the data using purposeful algo-
rithms, and (c) outputs patterns and relationships to the inter-
pretation/evaluation step of the KDD process, which is “the
non-trivial process of identifying valid, novel, potentially use-
ful, and ultimately understandable patterns in data,”according
to the authors of Advances in Knowledge Discovery and Data
Mining.

4. Data mining is “the application of database technology and
techniques (such as statistical analysis and modeling) to
uncover hidden patterns and subtle relationships in data and
to infer rules that allow for the prediction of future results,”
says a U.S. Government Accounting Office [GAO] report enti-
tled “Data Mining: Federal Efforts Cover a Wide Range of Uses.”

H
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pose be reused for purposes to which the
donor never agreed? Interoperability
among platforms and databases used by
different organizations and agencies
remains a concern, said Jeffrey W. Seifert
in his CRS Report for Congress, “Data
Mining: An Overview.”

The Direction of Data Mining
Data mining is still a rapidly chang-

ing field. The basic structure of the ven-
dor marketplace is unlikely to change
over the next few years. The four primary
vendors, however, are likely to remain
very important. Small companies will
continue to drive algorithmic innovation
in the field, and some will even drive
platform innovation. Within this frame-
work there will, however, be four signifi-
cant changes.

First, the veins of innovation cur-
rently being developed at university lab-
oratories will continue and will find their
way first to smaller vendors and eventu-
ally to the major vendors. One reason
innovation will continue is that govern-
ment funding for both data mining and
text mining technology will continue to
support it in our post-9/11 world.

Second, the open-analytical work-
bench platforms of vendors will become
increasingly popular, in part because

other vendors will want to use them to
customize data mining capabilities
from third parties but also because
open architectures will facilitate the
transfer of new technology from uni-
versity laboratories and from compa-
nies developing new technologies on
government contracts and grants.

Third, integration of BI and data
mining technologies will occur. This
trend is being driven by business per-
formance management (BPM) and will
continue. BPM is oriented toward met-
rics development and data gathering
for performance measurement. The

boost to data mining from this trend is
obvious.

Finally, a new wave in data mining
is related to the continued development
of intelligent agent and distributed
knowledge processing technology and
the growing glut of information on the
web. This wave, of course, is that of dis-
tributed multi-agent-based data min-
ing. When the wave will hit in earnest is
uncertain, but with research money
again available for solving the problems
of distributed agent-based computing,
new companies are likely to begin mar-
keting such systems before long.

A Word on
Text Mining

hile beyond the scope
of this article, text
mining may be as

important as data  mining. But it
is different in many important
ways because it works with
unstructured information and
often involves  models and tech-
nologies that are very different
from those involved in data min-
ing using structured data.
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