PREDICTING BANK DISTRESS IN THE UK WITH MACHINE LEARNING

Joel Suss (Bank of England, London School of Economics)

Henry Treitel (Bank of England) False negative & false positive error rates Relative misclassification costs

Summary: Threshold = 50%
1.00 / 1.00 \\ 6
* Using regulatory data, we compare classical statistical models with machine learning techniques for predicting bank p/ \ s
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 Explore simple ensembling techniques to demonstrate additional performance benefits e K e N 2
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e 1-10score, 8 or above considered high-risk and labelled distressed —i.e. converted to binary
 Predictors: financial ratios, balance sheet growth rates, macroeconomic variables (quarterly, 2006-2012)
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