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MOTIVATION METHODS

« (Cytotoxic cancer therapies: severe haematotoxic side-effects KNOWLEDGE TRANSFER

« Predicting a patient's haematologic response is of high clinical
relevance, but difficult: high between-patient heterogeneity

« Successful comprehensive mechanistic models exist [1,2], but
patients exhibiting irregular dynamics cannot be predicted

« Can hypothesis-free machine learning be an alternative
to semi-mechanistic modelling?

 Is it possible to combine both modelling approaches?

(Semi-)mechanistic model Neural networks fails to
fails for individual irregular generalize if trained on
dynamics individual sparse data

Knowledge transfer: mechanistic model to neural network

1. Fit individual patient data with mechanistic model

2. Transfer learning with neural network via treatment scenario
dynamics created with calibrated mechanistic model

NARX NEURAL NETWORKS 3. Fine-tuning of Neural Network on real individual patient data

v
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Figure 2. Transfer learning process. For knowledge transfer, we apply the semi-
— Prediction mechanistic model derived by Friberg et al. [3], where inter-individual variability is
e | . . . . .
imposed by different settings of biological parameters.
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CHO(E)P-21 | closely meshed data CHO(E)P-21 | sparse data Figure 4. Individual predictions for patients of the NHL-B study [3,4]. Left: the network

approach outperforms the semi-mechanistic model for closely meshed time series.
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Figure 3. Model comparison (SMSE) for therapy and available data scenarios of patients
in the NHL-B study [4,5]. A GRU-based network with transfer learning (TL) performs best REFERENCES:
for closely meshed time series. For patients with only sparse data available, GRU with TL [11Y. Kheifetz, M. Scholz, PLoS Comput Biol. 15, e1006775 (2019).  [4] M. Pfreundschuh, et al., Blood. 104, 626-633 (2004).

: : L - - [2] Y. Kheifetz, M. Scholz, Br ] Clin Pharmacol. 87, 3127-3138 (2021). [5] M. Pfreundschuh, et al., Blood. 104, 634-641 (2004).
performs comparable to the Friberg model if more than one training cycle is available. [3] L E. Friberg, ot al., JCO. 20, 4713-4721 (2002).
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