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Abstract

 The challenge: Deep learning in drug discovery often face censored
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molecular property datasets*. This occurs because measurement o ey O o
limitations in pharmaceutical assays mean exact values beyond certain B L
thresholds aren’t recorded. |

« Current limitations: Standard deep learning methods struggle with this S —
censoring, leading to systematic prediction errors, even for in-distribution [y =
molecules. ™ -

« Our solution: We propose to integrate bilinear transduction?2 into = /
Chemprop’s’ message-passing neural network. This builds on Chemprop’s E e
strengths and allows us to leverage domain-specific structural relationships W ok E—
between molecules. {NXHZ J{Wﬁ*{Xl'“z'lfxla‘xz}

Model Performance with Baselines

Naturally Censored Internal Datasets
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Passmg Neural Networks for Improved ADMET
Property Prediction
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«  Our approach significantly improves in-distribution prediction
accuracy, particularly for datasets with censored labels where
measurement limitations prevent recording exact values.

 We show that while standard Chemprop models can handle
small percentages of censored data, they degrade
significantly at ~50% censoring, predicting values clustered
around the censoring threshold even when true values lie well

We analyze the impact of different anchor selection
strategies, showing that performance improvement plateaus
around 8-10 anchor molecules while variance continues to
decrease with larger anchor sets.
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