Predicting Nitrosation of Secondary and Tertiary Amines Using Statistical (Q)SAR Models
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Introduction Results

Since the discovery of the carcinogenic nitrosamine NDMA in pharmaceuticals
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Above: Cross-validated statistics of nine classifier models when the nitrosation threshold is set
to >0% and pK, is included. For validation, data was split into 20 training sets, each having 5
molecules withheld as a test set.

trained on several versions of the data: with and without pK, as a descriptor, using only
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secondary or tertiary amines, and with the positive cutoff set to >0%, =1%, =10%.
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