











Figure 3: 15% Training and 85% Testing
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plots in Figures 2 to 4) appear to be very sensitive to
the amount of training data. When the training data
size is small, 15% in our experiment or approximately
670 data items, all other method except for random de-
cision tree and random forest appears random and do
not a clear pattern patterns. However, when the train-
ing data increases to 85%, every tested method appear
to have a pattern that is well correlated with the perfect
line.

6 Conclusions

In this paper, we formulated the problem to mine de-
faulted customers for competitive local exchange carri-
ers or CLEC. We discussed the empirical importance,
i.e., managing collection efforts as well as projecting
cash flow, of this effort for the survival of these com-
panies. We detailed the complete feature construction
process to model the calling, billing and payment his-
tory from back office raw data. We also addressed the
important problem of how to make a data mining model
useful for a business based on the nature of the problem
and the actual performance of a mined model. We eval-
uated many methods and found that the most success-
ful method is to use random decision and random forest
plus to estimate the true probability that a customer
will default. The probability estimation by both meth-
ods have been found to be reliable under two different

Figure 4: 85% Training and 15% Testing
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customer groups and very different amount of training
data. This solution helps the CLEC in two important
ways. The predicted score prioritizes the collection ef-
fort by the billing company. The product of the due
amount by the probability of default gives a good esti-
mate of the cash flow in the future. In the algorithm
part of this paper, we find that both random decision
tree and random forest plus are reliable and stable in es-
timating probabilities even when the amount of data is
extremely small. However, single decision trees are ex-
tremely sensitive to the amount of training data. When
the data is small, their probability output are close to
random, which prohibits the application of Zadrozny
and Elkan’s calibration methods.
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