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Abstracts

The main objective of fraud detection is to minimize costs or losses that are incurred due to fraudulent transactions.
Because of the problem’s nature such as highly skewed, overlapping class distribution and non-uniform
misclassification costs, it is, however, practically difficult to generate a classifier that is near-optimal in terms of
classification costs at a desired operating range of rejection rates. This paper defines a performance measure that
reflects classifier's costs at a specific operating range and offers a cost-sensitive learning approach that enables us to
train classifiers suitable for real-world credit card fraud detection by directly optimizing the performance measure
with evolutionary programming. The experimental results demonstrate that the proposed approach provides an
effective way of training cost-sensitive classifiers for successful fraud detection, compared to other training methods.
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Fig. 1 A cost curve (thick lines) formed by six cost
lines, each corresponding to a decision threshold 6.
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Table 2. Comparison results of performances of three
classifiers that are trained with PWSC criterion, MSE
criterion, and detection rate criterion, respectively, in
terms of costs per transaction (Won/transaction).
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Fig. 4 Performance of three classifiers that are trained
with PWSC criterion, MSE criterion, and detection rate
criterion, respectively, for three consecutive months (6
hidden nodes).
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Fig. 5 Performance of three classifiers that are trained
with PWSC criterion, MSE criterion, and detection rate
criterion, respectively, in an ROC graph for three
consecutive months (6 hidden nodes).
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