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About 13 million customers per month contact the West Coast customer service
call center of the Bank of America, as reported by CIO Magazine’s cover story
on data mining in May 1998 [1]. In the past, each caller would have listened to
the same marketing advertisement, whether or not it was relevant to the caller’s
interests. However, “rather than pitch the product of the week, we want to be as
relevant as possible to each customer,” states Chris Kelly, vice president and director
of database marketing at Bank of America in San Francisco. Thus, Bank of America’s
customer service representatives have access to individual customer profiles, so that
the customer can be informed of new products or services that may be of greatest
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interest to him or her. Data mining helps to identify the type of marketing approach
for a particular customer, based on the customer’s individual profile.

Former President Bill Clinton, in his November 6, 2002 address to the Demo-
cratic Leadership Council [2], mentioned that not long after the events of September
11, 2001, FBI agents examined great amounts of consumer data and found that five
of the terrorist perpetrators were in the database. One of the terrorists possessed
30 credit cards with a combined balance totaling $250,000 and had been in the country
for less than two years. The terrorist ringleader, Mohammed Atta, had 12 different
addresses, two real homes, and 10 safe houses. Clinton concluded that we should
proactively search through this type of data and that “if somebody has been here a
couple years or less and they have 12 homes, they’re either really rich or up to no
good. It shouldn’t be that hard to figure out which.”

Brain tumors represent the most deadly cancer among children, with nearly
3000 cases diagnosed per year in the United States, nearly half of which are fatal.
Eric Bremer [3], director of brain tumor research at Children’s Memorial Hospital
in Chicago, has set the goal of building a gene expression database for pediatric
brain tumors, in an effort to develop more effective treatment. As one of the first
steps in tumor identification, Bremer uses the Clementine data mining software suite,
published by SPSS, Inc., to classify the tumor into one of 12 or so salient types. As
we shall learn in Chapter 5 classification, is one of the most important data mining
tasks.

These stories are examples of data mining.

WHAT IS DATA MINING?

According to the Gartner Group [4], “Data mining is the process of discovering
meaningful new correlations, patterns and trends by sifting through large amounts of
data stored in repositories, using pattern recognition technologies as well as statistical
and mathematical techniques.” There are other definitions:

� “Data mining is the analysis of (often large) observational data sets to find
unsuspected relationships and to summarize the data in novel ways that are
both understandable and useful to the data owner” (Hand et al. [5]).

� “Data mining is an interdisciplinary field bringing togther techniques from
machine learning, pattern recognition, statistics, databases, and visualization to
address the issue of information extraction from large data bases” (Evangelos
Simoudis in Cabena et al. [6]).

Data mining is predicted to be “one of the most revolutionary developments
of the next decade,” according to the online technology magazine ZDNET News [7].
In fact, the MIT Technology Review [8] chose data mining as one of 10 emerging
technologies that will change the world. “Data mining expertise is the most sought
after . . .” among information technology professionals, according to the 1999 Infor-
mation Week National Salary Survey [9]. The survey reports: “Data mining skills
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are in high demand this year, as organizations increasingly put data repositories
online. Effectively analyzing information from customers, partners, and suppliers
has become important to more companies. ‘Many companies have implemented a
data warehouse strategy and are now starting to look at what they can do with all that
data,’ says Dudley Brown, managing partner of BridgeGate LLC, a recruiting firm in
Irvine, Calif.”

How widespread is data mining? Which industries are moving into this area?
Actually, the use of data mining is pervasive, extending into some surprising areas.
Consider the following employment advertisement [10]:

STATISTICS INTERN: SEPTEMBER–DECEMBER 2003

Work with Basketball Operations

Resposibilities include:

� Compiling and converting data into format for use in statistical models
� Developing statistical forecasting models using regression, logistic regression, data

mining, etc.
� Using statistical packages such as Minitab, SPSS, XLMiner

Experience in developing statistical models a differentiator, but not required.

Candidates who have completed advanced statistics coursework with a strong knowledge
of basketball and the love of the game should forward your résumé and cover letter to:

Boston Celtics
Director of Human Resources
151 Merrimac Street
Boston, MA 02114

Yes, the Boston Celtics are looking for a data miner. Perhaps the Celtics’ data
miner is needed to keep up with the New York Knicks, who are using IBM’s Advanced
Scout data mining software [11]. Advanced Scout, developed by a team led by Inder-
pal Bhandari, is designed to detect patterns in data. A big basketball fan, Bhandari
approached the New York Knicks, who agreed to try it out. The software depends on
the data kept by the National Basketball Association, in the form of “events” in every
game, such as baskets, shots, passes, rebounds, double-teaming, and so on. As it turns
out, the data mining uncovered a pattern that the coaching staff had evidently missed.
When the Chicago Bulls double-teamed Knicks’ center Patrick Ewing, the Knicks’
shooting percentage was extremely low, even though double-teaming should open up
an opportunity for a teammate to shoot. Based on this information, the coaching staff
was able to develop strategies for dealing with the double-teaming situation. Later,
16 of the 29 NBA teams also turned to Advanced Scout to mine the play-by-play
data.
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WHY DATA MINING?

While waiting in line at a large supermarket, have you ever just closed your eyes and
listened? What do you hear, apart from the kids pleading for candy bars? You might
hear the beep, beep, beep of the supermarket scanners, reading the bar codes on the
grocery items, ringing up on the register, and storing the data on servers located at
the supermarket headquarters. Each beep indicates a new row in the database, a new
“observation” in the information being collected about the shopping habits of your
family and the other families who are checking out.

Clearly, a lot of data is being collected. However, what is being learned from
all this data? What knowledge are we gaining from all this information? Probably,
depending on the supermarket, not much. As early as 1984, in his book Megatrends
[12], John Naisbitt observed that “we are drowning in information but starved for
knowledge.” The problem today is not that there is not enough data and information
streaming in. We are, in fact, inundated with data in most fields. Rather, the problem
is that there are not enough trained human analysts available who are skilled at
translating all of this data into knowledge, and thence up the taxonomy tree into
wisdom.

The ongoing remarkable growth in the field of data mining and knowledge
discovery has been fueled by a fortunate confluence of a variety of factors:

� The explosive growth in data collection, as exemplified by the supermarket
scanners above

� The storing of the data in data warehouses, so that the entire enterprise has
access to a reliable current database

� The availability of increased access to data from Web navigation and intranets
� The competitive pressure to increase market share in a globalized economy
� The development of off-the-shelf commercial data mining software suites
� The tremendous growth in computing power and storage capacity

NEED FOR HUMAN DIRECTION OF DATA MINING

Many software vendors market their analytical software as being plug-and-play out-
of-the-box applications that will provide solutions to otherwise intractable problems
without the need for human supervision or interaction. Some early definitions of data
mining followed this focus on automation. For example, Berry and Linoff, in their
book Data Mining Techniques for Marketing, Sales and Customer Support [13], gave
the following definition for data mining: “Data mining is the process of exploration
and analysis, by automatic or semi-automatic means, of large quantities of data in
order to discover meaningful patterns and rules” (emphasis added). Three years later,
in their sequel, Mastering Data Mining [14], the authors revisit their definition of
data mining and state: “If there is anything we regret, it is the phrase ‘by automatic
or semi-automatic means’ . . . because we feel there has come to be too much focus
on the automatic techniques and not enough on the exploration and analysis. This has
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misled many people into believing that data mining is a product that can be bought
rather than a discipline that must be mastered.”

Very well stated! Automation is no substitute for human input. As we shall
learn shortly, humans need to be actively involved at every phase of the data mining
process. Georges Grinstein of the University of Massachusetts at Lowell and AnVil,
Inc., stated it like this [15]:

Imagine a black box capable of answering any question it is asked. Any question. Will
this eliminate our need for human participation as many suggest? Quite the opposite.
The fundamental problem still comes down to a human interface issue. How do I phrase
the question correctly? How do I set up the parameters to get a solution that is applicable
in the particular case I am interested in? How do I get the results in reasonable time
and in a form that I can understand? Note that all the questions connect the discovery
process to me, for my human consumption.

Rather than asking where humans fit into data mining, we should instead inquire about
how we may design data mining into the very human process of problem solving.

Further, the very power of the formidable data mining algorithms embedded in
the black-box software currently available makes their misuse proportionally more
dangerous. Just as with any new information technology, data mining is easy to
do badly. Researchers may apply inappropriate analysis to data sets that call for a
completely different approach, for example, or models may be derived that are built
upon wholly specious assumptions. Therefore, an understanding of the statistical and
mathematical model structures underlying the software is required.

CROSS-INDUSTRY STANDARD PROCESS: CRISP–DM

There is a temptation in some companies, due to departmental inertia and com-
partmentalization, to approach data mining haphazardly, to reinvent the wheel and
duplicate effort. A cross-industry standard was clearly required that is industry-
neutral, tool-neutral, and application-neutral. The Cross-Industry Standard Process
for Data Mining (CRISP–DM) [16] was developed in 1996 by analysts representing
DaimlerChrysler, SPSS, and NCR. CRISP provides a nonproprietary and freely avail-
able standard process for fitting data mining into the general problem-solving strategy
of a business or research unit.

According to CRISP–DM, a given data mining project has a life cycle consisting
of six phases, as illustrated in Figure 1.1. Note that the phase sequence is adaptive.
That is, the next phase in the sequence often depends on the outcomes associated
with the preceding phase. The most significant dependencies between phases are
indicated by the arrows. For example, suppose that we are in the modeling phase.
Depending on the behavior and characteristics of the model, we may have to return to
the data preparation phase for further refinement before moving forward to the model
evaluation phase.

The iterative nature of CRISP is symbolized by the outer circle in Figure 1.1.
Often, the solution to a particular business or research problem leads to further ques-
tions of interest, which may then be attacked using the same general process as before.
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Business / Research
Understanding Phase

Data Understanding
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Data Preparation
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Deployment Phase

Evaluation Phase Modeling Phase

Figure 1.1 CRISP–DM is an iterative, adaptive process.

Lessons learned from past projects should always be brought to bear as input into
new projects. Following is an outline of each phase. Although conceivably, issues
encountered during the evaluation phase can send the analyst back to any of the pre-
vious phases for amelioration, for simplicity we show only the most common loop,
back to the modeling phase.

CRISP–DM: The Six Phases

1. Business understanding phase. The first phase in the CRISP–DM standard
process may also be termed the research understanding phase.

a. Enunciate the project objectives and requirements clearly in terms of the
business or research unit as a whole.

b. Translate these goals and restrictions into the formulation of a data mining
problem definition.

c. Prepare a preliminary strategy for achieving these objectives.

2. Data understanding phase

a. Collect the data.
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b. Use exploratory data analysis to familiarize yourself with the data and dis-
cover initial insights.

c. Evaluate the quality of the data.

d. If desired, select interesting subsets that may contain actionable patterns.

3. Data preparation phase

a. Prepare from the initial raw data the final data set that is to be used for all
subsequent phases. This phase is very labor intensive.

b. Select the cases and variables you want to analyze and that are appropriate
for your analysis.

c. Perform transformations on certain variables, if needed.

d. Clean the raw data so that it is ready for the modeling tools.

4. Modeling phase

a. Select and apply appropriate modeling techniques.

b. Calibrate model settings to optimize results.

c. Remember that often, several different techniques may be used for the same
data mining problem.

d. If necessary, loop back to the data preparation phase to bring the form of
the data into line with the specific requirements of a particular data mining
technique.

5. Evaluation phase

a. Evaluate the one or more models delivered in the modeling phase for quality
and effectiveness before deploying them for use in the field.

b. Determine whether the model in fact achieves the objectives set for it in the
first phase.

c. Establish whether some important facet of the business or research problem
has not been accounted for sufficiently.

d. Come to a decision regarding use of the data mining results.

6. Deployment phase

a. Make use of the models created: Model creation does not signify the com-
pletion of a project.

b. Example of a simple deployment: Generate a report.

c. Example of a more complex deployment: Implement a parallel data mining
process in another department.

d. For businesses, the customer often carries out the deployment based on your
model.

You can find out much more information about the CRISP–DM standard process
at www.crisp-dm.org. Next, we turn to an example of a company applying CRISP–
DM to a business problem.
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CASE STUDY 1
ANALYZING AUTOMOBILE WARRANTY CLAIMS: EXAMPLE OF THE
CRISP–DM INDUSTRY STANDARD PROCESS IN ACTION [17]

Quality assurance continues to be a priority for automobile manufacturers, including Daimler
Chrysler. Jochen Hipp of the University of Tubingen, Germany, and Guido Lindner of Daim-
lerChrysler AG, Germany, investigated patterns in the warranty claims for DaimlerChrysler
automobiles.

1. Business Understanding Phase

DaimlerChrysler’s objectives are to reduce costs associated with warranty claims and im-
prove customer satisfaction. Through conversations with plant engineers, who are the technical
experts in vehicle manufacturing, the researchers are able to formulate specific business prob-
lems, such as the following:

� Are there interdependencies among warranty claims?
� Are past warranty claims associated with similar claims in the future?
� Is there an association between a certain type of claim and a particular garage?

The plan is to apply appropriate data mining techniques to try to uncover these and other
possible associations.

2. Data Understanding Phase

The researchers make use of DaimlerChrysler’s Quality Information System (QUIS), which
contains information on over 7 million vehicles and is about 40 gigabytes in size. QUIS
contains production details about how and where a particular vehicle was constructed, including
an average of 30 or more sales codes for each vehicle. QUIS also includes warranty claim
information, which the garage supplies, in the form of one of more than 5000 possible potential
causes.

The researchers stressed the fact that the database was entirely unintelligible to domain
nonexperts: “So experts from different departments had to be located and consulted; in brief a
task that turned out to be rather costly.” They emphasize that analysts should not underestimate
the importance, difficulty, and potential cost of this early phase of the data mining process, and
that shortcuts here may lead to expensive reiterations of the process downstream.

3. Data Preparation Phase

The researchers found that although relational, the QUIS database had limited SQL access.
They needed to select the cases and variables of interest manually, and then manually derive
new variables that could be used for the modeling phase. For example, the variable number of
days from selling date until first claim had to be derived from the appropriate date attributes.

They then turned to proprietary data mining software, which had been used at
DaimlerChrysler on earlier projects. Here they ran into a common roadblock—that the data
format requirements varied from algorithm to algorithm. The result was further exhaustive pre-
processing of the data, to transform the attributes into a form usable for model algorithms. The
researchers mention that the data preparation phase took much longer than they had planned.
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4. Modeling Phase

Since the overall business problem from phase 1 was to investigate dependence among the war-
ranty claims, the researchers chose to apply the following techniques: (1) Bayesian networks
and (2) association rules. Bayesian networks model uncertainty by explicitly representing the
conditional dependencies among various components, thus providing a graphical visualization
of the dependency relationships among the components. As such, Bayesian networks represent
a natural choice for modeling dependence among warranty claims. The mining of association
rules is covered in Chapter 10. Association rules are also a natural way to investigate depen-
dence among warranty claims since the confidence measure represents a type of conditional
probability, similar to Bayesian networks.

The details of the results are confidential, but we can get a general idea of the type of
dependencies uncovered by the models. One insight the researchers uncovered was that a
particular combination of construction specifications doubles the probability of encountering
an automobile electrical cable problem. DaimlerChrysler engineers have begun to investigate
how this combination of factors can result in an increase in cable problems.

The researchers investigated whether certain garages had more warranty claims of a certain
type than did other garages. Their association rule results showed that, indeed, the confidence
levels for the rule “If garage X, then cable problem,” varied considerably from garage to garage.
They state that further investigation is warranted to reveal the reasons for the disparity.

5. Evaluation Phase

The researchers were disappointed that the support for sequential-type association rules was
relatively small, thus precluding generalization of the results, in their opinion. Overall, in fact,
the researchers state: “In fact, we did not find any rule that our domain experts would judge
as interesting, at least at first sight.” According to this criterion, then, the models were found
to be lacking in effectiveness and to fall short of the objectives set for them in the business
understanding phase. To account for this, the researchers point to the “legacy” structure of the
database, for which automobile parts were categorized by garages and factories for historic or
technical reasons and not designed for data mining. They suggest adapting and redesigning the
database to make it more amenable to knowledge discovery.

6. Deployment Phase

The researchers have identified the foregoing project as a pilot project, and as such, do not intend
to deploy any large-scale models from this first iteration. After the pilot project, however, they
have applied the lessons learned from this project, with the goal of integrating their methods
with the existing information technology environment at DaimlerChrysler. To further support
the original goal of lowering claims costs, they intend to develop an intranet offering mining
capability of QUIS for all corporate employees.

What lessons can we draw from this case study? First, the general impression
one draws is that uncovering hidden nuggets of knowledge in databases is a rocky road.
In nearly every phase, the researchers ran into unexpected roadblocks and difficulties.
This tells us that actually applying data mining for the first time in a company requires
asking people to do something new and different, which is not always welcome.
Therefore, if they expect results, corporate management must be 100% supportive of
new data mining initiatives.




































