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Remember when a megabyte was a lot of data? And 100 megabytes was an enormous database?

Today however, companies are dealing with databases of multiple terabytes — over 1,000,000,000,000
bytes of data. Getting useful information from this much data is a challenge. When there are millions of
trees, how can one draw meaningful conclusions about the forest?

This is exactly the situation facing a very large provider of consumer information in the United States.
Among their many databases is a credit information database containing information on 190 million
consumers. The database is used to offer a wide variety of products to financial institutions who want
information that will help them identify new customers, meet the needs of their existing customers,
allocate their resources most efficiently, and minimize expenses.

Two key challenges this data provider faces are using their data to build new products and to enhance
existing products. Consultants from IBM’s Global Business Intelligence Consulting Practice and com-
puter scientists from IBM Research worked with the client to attack these problems using IBM database
management and data mining technology and the resources of the IBM RS/6000 Teraplex Integration
Center in Poughkeepsie, New York. The IBM Teraplex Integration Centers use three large parallel servers
—RS/6000 SP, S/390, and AS/400 — capable of handling databases in excess of a terabyte. The Centers
provide a unique test bed for companies to explore solutions to huge business intelligence problems that
can only be addressed with parallel DBMSs such as DB2 and parallel data mining tools such as Intelligent
Miner.

The results they achieved were truly impressive, especially in light of the difficulty of mining such an
enormous database. For example, they found an untapped market of good credit risks hidden among
households that traditional methods had identified as bad credit risks. They could also more precisely
identify potential bankruptcies, which not only allows lenders to avoid losses, but more importantly, helps
consumers by offering them financial planning services and not giving them more credit than they can
afford.

It was the combination of high performance parallel tools (DB2 and Intelligent Miner) on a large parallel
computer (RS/6000 SP) coupled with insightful analyses that enabled them to effectively mine this data.
How IBM achieved these results is the focus of this white paper. It will describe what IBM accomplished,
while showing you how data mining in conjunction with parallel computers and DBMSs can be used to
achieve highly valuable business results.



Data Mining

Within the masses of information in the consumer information database lies hidden information of
strategic importance. Data mining is a key element in finding the particular patterns and relationships that
can help their business.

Data mining finds these patterns and relationships using sophisticated data analysis tools and techniques
to build models. Models, like maps, are abstract representations of reality. While you should never
confuse your model with reality, a good model is a useful guide to understanding your business and
suggests actions you can take to help you succeed.

There are two main kinds of models in data mining. The first kind, predictive models, use data with
known results to develop a model that can be used to explicitly predict values. For example, based on the
customers who have responded to an offer, the model will predict prospects likely to respond to the same
offer. The second kind, descriptive models, describe patterns in existing data which may be used to guide
decisions as opposed to making explicit predictions. For example, the model might identify different
customer segments in a database. IBM used both kinds of models in mining the data.

The Business Problem

The target database contains detailed credit information on about 200 million households. This data
includes information about what type of credit they have, such as mortgages, bank cards, or auto loans. It
also includes transaction histories of their payments. The total volume of this data is about 4 terabytes.

IBM was presented with two important problems to solve.

The first problem was to identify new products that would help credit-granting organizations, such as
credit card companies and banks, find good candidates for different credit products. Over two billion
offers for credit cards are mailed each year. By precisely identifying good candidates, financial institu-
tions can focus their marketing efforts, which not only reduces their costs, but also keeps them from
bothering consumers who are not interested in these new credit instruments.

Second, could IBM improve the accuracy of predicting who would declare bankruptcy? The number of
bankruptcies has grown from under one million in 1995 to 1.4 million in 1997. The estimates of the losses
to credit card companies range from $5 billion to $40 billion. And the credit industry is also criticized for
offering credit to people who may not be able to make appropriate use of it, thus contributing to the rise of
bankruptcies. By more precisely targeting credit offers to consumers who can benefit from them, credit-
granting organizations save billions of dollars a year, while helping consumers in the process.

IBM’s client was already quite good at bankruptcy predictions. But they wanted to do an even better job
because of the enormous sums at stake. Could IBM’s technology make a difference?



The Data

IBM was given a random sample of the credit data, including transaction data for an 18-month period.
This is a massive amount of data, with a total of over 900 million records taking up 360 gigabytes of
storage, but still just a fraction of the total data. Random sampling can often be used to reduce the size of
a problem, but when you have so much raw data, even the sample is enormous. Most data mining prob-
lems and traditional statistical analysis rarely exceed a few tens of gigabytes.

Both the amount of data and the degree of necessary manipulation demanded a large computer and a fast
database management system. The original data was converted from a proprietary file structure containing
30 tables into a DB2 UDB Version 5 parallel database on an RS/6000 SP parallel computer with four
SMP (symmetric multiprocessing) nodes, each consisting of eight CPUs with two gigabytes of memory
per node (Figure 1). The total storage was about one terabyte, including 240 gigabytes of data, indexes,
mirror tables (to ensure data availability), and the transformed data tables.
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Figure 1. Hardware configuration for data manipulation and data mining

In addition to the original data, IBM added new variables based on transformations of the supplied
variables. From the enriched data IBM needed to choose an appropriate subset of variables from which to
build the models. The data transformations and selection of variables are the keys to success in data
mining. The most successful models are those built with the “right” data.

The process of creating and selecting data from the raw data is an iterative process that may be quite time-
consuming. Analysts need to add new variables, build some models and then go back and work with the
data some more.



Even with a four node, 32-CPU RS/6000 SP, some of the transformation queries were so complex they
took quite a while to complete. For example, there were SQL queries which required joining 12 to 15
tables including several 400-million row tables. Only in a parallel environment such as parallel DB2 and
RS/6000 SP (the environment in the Teraplex Integration Center) could these data transformations have
been successfully carried out. Serial processing, even on a large computer, would have extended the time
necessary to transform the data. Since the RS6000/SP scales close to linearly, a query that took many
hours to complete on it would take months to complete on a serial computer equal in power to one CPU of
the RS/6000 SP. Clearly, this would have greatly reduced the amount of experimentation and analysis the
data miners could perform in the time available to them, and made it impossible to duplicate the high
quality results they achieved using parallel computing.

The first major transformation was to aggregate the data about individuals into data about the household —
a process called “householding.” Rather than look at how individuals behave with credit, it is important to
look at how the family or household deals with credit. Figuring out how to gather individual records into a
household is an interesting problem. For example, a family may have multiple credit cards and different
individuals will use each of them at different times. Mortgages and auto loans are part of a household’s
debt rather than belonging to an individual, and if two names are on the mortgage, the debt would be
attributed to each of them. Consequently, the 18 months of consumer transaction data were transformed
into a set of household tables while eliminating duplicate debts and performing other data cleansing
actions. The result was 75 gigabytes of data on over 1 million households.

The next step was to create the mining databases for bankruptcy prediction and new product identifica-
tion. Because two different problems were being addressed, different mining databases needed to be
created from the original customer data. The input table for bankruptcy prediction consisted of 280
columns for each of the million households, totaling about one gigabyte, while the new products model
input table contained 482 columns totaling about four gigabytes.

At this point new variables were created from the existing data and added to it to see if they would be
better predictors or descriptors than the raw data by itself. The best variables were then selected to build
the models. IBM created and carefully examined over 250 variables, including how many accounts a
household opened in the previous year, how many times a household was late in its payment, how much it
spent per month, etc. The result was that 36 input fields were selected for bankruptcy prediction, while 41
input fields were selected and 21 supplementary fields crafted for the new product identification.

Building the Models
The Computer Environment

Intelligent Miner has parallel algorithms that allow it to scale to handle large amounts of data on a parallel
computer. It was run on a 16-node RS/6000, each with one CPU and one gigabyte of memory (Figure 1).
Intelligent Miner can build its algorithms directly from the DB2 database or from a binary format that
allows fast I/0 and a compact representation so that as much of the data as possible (and preferably all)
can be stored in memory. This results in much faster model building so that the analyst can explore more
options.



New Product Identification

In order to identify possible new products that could be sold to financial institutions, the households were
divided into segments using clustering. Segmentation is a business problem that requires identifying
groups with common characteristics while clustering is an unsupervised learning technique that groups
similar records.

The clustering in IBM’s Intelligent Miner uses either a method based on a type of neural net called a
Kohonen feature map or else a method based on demographic clustering. After selecting clustering as the
type of modeling, the neural net option was selected. The data flow for neural clustering is shown in
Figure 2, which is a screen shot from Intelligent Miner.

IBM’s analysts specified 100 clusters, far more than the more typical 10 to 20 clusters. Finding this many
clusters is a computationally intense process, requiring many passes through the data, that can only be
done effectively with parallel algorithms such as those used by Intelligent Miner.
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Figure 2. Data flow for neural clustering

The real difficulty with clustering is not in creating the clusters but in figuring out what they mean. The
algorithm has determined that certain rows are very similar, but it is up to the analyst to interpret the
clusters. Although choosing 100 clusters consumes a lot of computer resources, a finer grained structure
emerges enabling the analyst to more precisely identify customer segments and group different clusters
into the correct segments.



Visualization tools can be a big help to the analyst in understanding what the clusters mean and translat-
ing those insights into meaningful customer segments.

Intelligent Miner comes with a cluster visualization tool that shows the distribution of values for each
variable in the cluster. Figure 3 shows an example of this clustering visualization for a sample database.
Each cluster is shown as a horizontal band, with the largest cluster at the top and the smallest cluster at the
bottom. A vertical bar at the left shows relative cluster size, and also labels each cluster with a percentage
of total data.
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Figure 3. Intelligent Miner cluster visualization

Within each cluster are graphs for each of the six fields that was most important in determining the
cluster. A pie chart, histogram or line chart (depending on the type of variable) is displayed. The distribu-
tion of values for both the whole data set and the cluster is shown.

IBM also developed a visualization tool called Kmap to help with this application. Although not yet a
released product, it is one of the most useful visualization aids for clustering. In Figure 4, you can see the
bankruptcy data clustered into 36 groups. The outer coloring of each group shows the population size,
while the inner coloring of each group can be chosen by the user to show different attributes (in this case,
total spending). The actual cluster population and spending are shown at the top of each cluster while the
top three variables (items purchased, in this case) are shown in the body.
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Figure 4. Kmap cluster visualization

To better understand each cluster in the data, the top contributors can be shown in a table (Figure 5). In
this example, the columns have been sorted to show the average credit balance. Another important feature
is that the percentage of an attribute in each cluster can be easily displayed. These charts form an indis-
pensable aid to interpreting clusters and aggregating them into sensible business segments.
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Figure 5. Top ten contributors to a cluster
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Bankruptcy Prediction

The approach selected for bankruptcy prediction was to build scoring models, in which a score indicating
the likelihood of bankruptcy would be calculated.

As in the new product identification problem, creating and selecting variables was one of the keys to
success. In particular, IBM’s insightful encoding of a household’s credit limits over time helped yield
good results.

The models were built using both neural nets and decision trees. After selecting the input data sets,
selecting the variables for input and the class variable to be predicted (Figure 6) and setting the
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Figure 6. Selecting the input variables and class variables

parameters (including for the neural net the number of hidden layers and nodes, stopping conditions,
learning rate and momentum), the neural net and decision tree were built. Figure 7 shows the data flow
for training and testing the neural net.
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Figure 7. Data flow for training and testing the neural net classification

Results

The results were very good. To protect client confidentiality, however, the following discussion must be
somewhat general.

New Product Identification

A careful analysis of the one hundred clusters identified over a dozen interesting customer segments.
Furthermore, over 75% of the clusters could be identified as belonging to one of the segments. As can be
seen in the diagram (Figure 8), the clusters didn’t form neatly into segments, but clusters from different
parts of the diagram were grouped together to form segments. The extra computing resources necessary
for fine grain clustering as IBM did here paid off in the usefulness of the segments identified and the
inclusion of most of the data in the segments.
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Figure 8. Segments found from combining clusters



These segments suggest business opportunities in that they represent clearly distinguished populations
with characteristics that can be used in selling credit products. For example, many financial institutions
are trying to market to small businesses, but it can be hard to identify these prospects. Some reasons for
this difficulty include the facts that they are not always incorporated or that they may operate out of a
home. However, the segmentation study identified small businesses managing cash flow using credit
cards. A list of such potential customers is clearly very valuable.

Another interesting example was a segment that identified households with low credit usage. Marketers
can avoid this group as one which is not particularly profitable, or they can study it in more detail to
understand the various reasons for low credit usage in hopes of finding untapped sub-populations for
whom they can create customized offerings that meet their individual needs.

One of the most useful results was identifying a subset of a group that is usually rejected for credit but
who in fact are good credit risks. This list undoubtedly contains numerous households who want credit,
but haven’t been able to get it — in other words, a virtually untapped market.

Bankruptcy Prediction

The bankruptcy prediction models worked extremely well on the test data — so well in fact that a great
deal of analysis was done to ensure that the results were not the result of a subtle error. Remember that in
the test data, we already know who declared bankruptcy and we want to test how good our model’s
prediction is. Getting a result that is too good is cause for suspicion. For example, analysts occasionally
make the mistake of using a predictor variable that includes the result in a disguised fashion.

In this case, a small number of households with the highest scores (the likeliest to declare bankruptcy)
accounted for over 25% of the bankruptcies. In fact, as the scores dropped and analysts looked at more
and more households, the model was consistently better than the old method was in predicting the bank-
ruptcies in that group of households. This difference is called lift, and a model that is consistently superior
to another is a highly desirable outcome.

However, a careful evaluation showed no error. Rather, the most likely explanation for this great im-
provement in performance was the incorporation of the 18 months’ transaction history which the older
methodology did not use.

Performance and Scalability
This case study is a good illustration of how scalability is vital to successfully mining large databases.

We saw earlier how important the scalability of DB2 was to allowing the analysts to explore the data and
create the database. It is clear that given the huge amount of data that needed to be householded, the new
variables added, the different data sets created for different modeling runs, and the multiple iterations of
the data transformations, all the time available could be soaked up in data preparation were it not for
parallel DBMSs and computers. This is why twice as many CPUs were devoted to data preprocessing as
to model building.

The scalability of Intelligent Miner was equally crucial. In performing the clustering study, a comparison
was made between a one-CPU and 16-CPU RS/6000 SP. The difference in time was over eight hours for
one CPU as compared to about half hour for 16 CPUs. (It is interesting to note that the speedup was
approximately linear: 16 CPUs took one-sixteenth of the time.)
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This difference would be of minor significance if you anticipated doing only a single clustering run. You
could start it when you left work, and examine the results when you returned. However, data mining is an
iterative process: you need to look at multiple models to see if you can improve the result. Perhaps you
didn’t get the right variables on the first shot, or some parameters needed be changed. In such an environ-
ment, an eight hour turn-around is unacceptable given deadlines and the finite resources most organiza-
tions are able to devote to a problem.

Another issue to explore in assessing the importance of scalability was the necessity of using so much
data. Did the usefulness of the results improve as a function of the amount of data used?

The one million households analyzed represented about a 0.5% sample of the entire database. If a smaller
sample could have been used, then the necessity for parallel computation would have been reduced.

IBM analysts investigated this for the clustering models by building models using one-sixteenth, one-
eighth, one-quarter, and one-half the data. Four different metrics were used to compare the segmentation
of these subsets with the segmentation of the full data set. As the amount of data used to build the model
increased, the segmentation continually improved and approached the segmentation of the full data set.

Conclusion

Many companies have enormous amounts of data containing valuable information for running and
building a business. Extracting the value of that data is a challenge that takes first and foremost an under-
standing of the business problems to be addressed and of the data itself. Using that understanding as the
launch point of a data analysis effort, data mining can provide valuable insights and guidance for such
diverse tasks as product creation and operational decisions. For cracking open large databases, parallel
computers and software are key components that enable analysts to deliver accurate results in a timely
fashion.
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