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In class-imbalanced learning problems such as financial crime detection or loan default prediction, where the number of negative examples (e.g. legitimate transactions or accounts in good standing) far exceed the number of positive examples (criminal transactions or accounts in default/arrears), training predictive models can be challenging. These problems also have economic consequences attached to the classification decision that can be measured or estimated, which offers a natural tie-in to cost-sensitive hypothesis testing and Bayesian decision-making. Grounding the decision-making process in statistical theory however has two major obstacles, both of which impact the ability to interpret a model’s output as a probability. One obstacle stems from common sampling-based techniques to address class-imbalanced learning, and the other from choice of loss function when training the predictive model. We present two alternative methods to help alleviate these issues – one rooted in density ratio estimation and Bayesian hypothesis testing, the other in a decision-theoretic view of hypothesis testing. We evaluate the impact of these approaches on economic decision-making in credit card fraud detection, using a dataset of approximately 80 million transactions provided by a partner institution.
