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Out-of-sample Recession Probabilities (predict next 12 month)
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AUC (prediction next 6 month)
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Metrics

Auildnsmvoudu s 0170% (Area under the ROC Curve; AUC) 0.45 0.91
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azuuy WU (F1 Score) 0 0.82
Balanced accuracy 0 0.90
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