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1 Summary

Acute lymphoblastic leukemia (ALL) is one of the most common pediatric
malignancies. During maintenance therapy with low-dose methotrexate
(MTX) and 6-mercaptopurine (6MP), treatment aims to keep the abso-
lute neutrophil count (ANC) in the target range of 0.5-2 G/L. With the
dose-response relationship varying widely between patients, the devel-
oped pharmacokinetic-pharmacodynamic model provides a foundation
to explore novel treatment strategies exploiting model features and sug-
gesting a personalized treatment target.
Parameters were estimated with NONMEM 7.5 with a combination of
Monte Carlo Importance Sampling Expectation Maximization (IMP) and
Stochastic Approximation Expectation Maximization (SAEM). Model
analysis and simulation was done with Python 3.10 using CasADI and
CVODES.

2 Model
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Figure 1: Best performing PKPD model

The model links the Erythrocyte-TGN PK submodel with Michaelis-
Menten kinetics to the Friberg et al. [1] model by implementing a linear
effect function.

Estimated parameters are V 6MP
mm , K6MP

mm , K6MP
eff , ktr, slope6mp, base

and γ with

E = slope6mp ·X6MP
E

fb =

(
base

Xma

)γ
.

3 Simulation - Adaptive Treatment Strategy

Treatment strategy aimed to mini-
mize distance of Xma to base:

if Xma(t + mmt) ≥ base and
Ẋma(t + mmt) ≥ 0 then

dose = 75 mg/m2

else
dose = 0 mg/m2

end if

mmt = mean maturation time of
the ANC

4 Modeling Results

a. E-TGN
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Figure 2: GoF-
Plots for E-TGN
and ANC
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Figure 3: Exemplary E-TGN and ANC
trajectories of one patient with 6MP dosing
schedule

Main Takeaways:

• Integrating metabolite measurements in the model improves
results when less data is available (as is often the case in clinical
practice)

• base could function as a personalized treatment target re-
placing the fixed target range for the ANC

• Timing matters, and modeling might reveal hidden features
that allow clinicians to subsequently exploit those

5 Simulation Results
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Figure 4: Boxplots of the patientwise median of the ANC, the in-
tegral of the absolute difference of the ANC to the individual base and
the coefficient of variation of the ANC.

All three novel treatment strategies show fewer minimal ANC values
below 0.5 G/L and less variation than steady treatment. The treatment
strategy based on ANC ≥ base shows trajectories closest to base. The
treatment strategy based on ANC ≥ 0.5 ·base has the median cumulative
6MP dose closest to the one of steady treatment.
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Interested in using machine learning for
discovery of mechanistic models from data
useable in pharmacometrics? −→

Usingmachine learning for discovery ofmechanisticmodels from data useable in pharmacometrics.
Data-Driven Discovery of Feedback Mechanismsin Acute Myeloid Leukaemia
Carl Julius Martensen, Niklas Korsbo, Vijay Ivaturi, Sebastian Sager
Motivation
•We use Deep Nonlinear Mixed Effect Models [1] to effectively learn unknown submodelsdirectly from data•We present amethod to distill symbolic expressions from longitudinal data using the provideddata-driven hypothesis of the machine learning model.

Graphical overview of the model using ntr transition compartments as reported in [2]. Wereplace the feedback FB using a neural network and recover an analytic function.

Methods and Materials
•We assume that all subjects share a global model structure, intersubject variability is fullycaptured by the individual parameters• To recover the functional form, we perform symbolic regression on z̃ , the mapping of the neuralnetwork using the individual input xNN and the typical value random effects E [ηNN]•We investigate the validity of our approach on a real-world dataset, consisting of 23 patientswho exhibit high-dose Ara-C chemotherapy [2] comparing it to the classical Friberg model [3].

Results
Baseline DeepNLME Discovered
FB (xma) =

(
B
xma

)γ
ntr = 1 FB (xma) = fNN (xma, ηNN) ntr = 3 FB (xma) =

p1
p2+xma

ntr = 1

BIC LoglikelihoodTraining 1490.0 -705.0Validation 571.0 -252.0
BIC LoglikelihoodTraining 2032.7 -667.0Validation 876.8 -145.6

BIC LoglikelihoodTraining 1404.4 -655.2Validation 510.3 -215.7
Experiments•We used ntr = 1, 2, 3 transition compartments for each model and selected the best• The 23 subjects of the used dataset have been divided into a training and validation set ( 18, 5 subjects ) stratified by treatment statistics• Each DeepNLME model has been fitted ten times, varying the network parameters• The best performing DeepNLME model on the training data has been used for symbolic regression for each ntr• The shown results have been selected over the different models via BIC of the validation set• The shown VPC are derived using 300 simulations of the full population per model

Conclusion
•We showed that an algorithmic recovery of mathematical expressions for longitudinal data is possible using DeepNLME• The found model shows a similar structural properties to the Friberg model but is numerically favourable and resembles a Hill equation• The performance of both the DeepNLME model and the discovered model is comparable to the baseline in terms of loglikelihood and underline the usefulness of both approaches
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