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Motivation: Objectives:

e “20 of 100 [chemotherapy] patients are not fit for their next scheduled treatment”[1] e Combine prior knowledge with patient-specific neutrophil counts in real time
 Narrow therapeutic window and high interindividual variability * |dentify patients at risk for toxic or subtherapeutic dosing regimens
 Novel digital healthcare device [1] allows frequent neutrophil monitoring at home * Predict whether recovery is reached before subsequent treatment

 Reliable individualised predictions of the neutrophil time-course could enable D - , :
individualised dosing schedules for subsequent treatments —> Provide individual decision support in ongoing treatment
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Simulation study of multiple cycle therapy
* Paclitaxel (185 mg/m?,3h i.v. infusion), every 3 weeks for 6 cycles 1000 particles per virtual patient
 Simulated data: every third day with additive error on log-scale  Results displayed for resampling + rejuvenation
* Virtual Population based on CEPAC-TDM study [3] population  Similar results with transformation algorithms,
* Bone marrow exhaustion model [2] for neutropenia with IOV on PK parameters however, higher RMSE in parameter estimates
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Conclusion: Open research questions:

 Efficient computation of decision statistics via recursive patient data processing  Currently: “best-case-scenario” as data is simulated with the model

e Comparable forecast RMSEs to MAP estimation  Adapt transform algorithms for improved parameter estimation

e Comprehensive uncertainty quantification in contrast to prior work [5] e Learning with every patient: update prior knowledge for next patient
 Easy-to-interpret results allow to rate the predicted individual treatment outcome with posterior of current patient = hierarchical Bayes

— Support for rational and individual decision-making in oncology
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