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Conclusion

e ML models trained on PKPD-informed labels outperformed models trained on naive labels across various training dataset sizes and model types

e PKPD approach to label a significantly larger training cohort, but even when the number of training instances was matched, the PKPD-informed labelling strategy increased performance across all
algorithms (almost all data points were statistically significantly different using Mann-Whitney U test with Bonferroni Correction for multiple comparisons - results not shown)

e This sustained increase, observed with the same number of training instances, suggests that PKPD-informed labels provide a qualitatively superior and more informative signal compared to
naive labels. This improvement may arise because PKPD-informed labels incorporate quantitative physiopathological constraints, resulting in more plausible neutrophil trajectories

e \We provide a methodology to integrate biological/mechanistic information (constraints) into ML models at baseline (no on treatment-data is required once the model is deployed)
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