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INTRODUCTION

The prediction of in vivo plasma pharmacokinetic (PK) profiles for new small molecules is a large challenge in drug discovery. Several model-based (hybrid)
PK prediction approaches were published which differ in their complexity and combination of machine learning (ML) and mechanistic modeling. Prediction
models are trained on noncompartmental analysis (NCA) parameters as clearance (CL) and volume of distribution (Vss) predicting a monophasic PK curve
[1]. Another approach uses a physiologically based PK (PBPK) model which is parameterized with ML predicted physicochemical parameters, see [1] and
references therein. Approaches without mechanistic models make use of PK profiles as input and predict the PK profile using trained neural networks [2-
3]. Our proposed hybrid approach based on empiric PK models and ML predicted parameters is embedded between approaches using NCA and mechanistic
PBPK models. A similar approach was recently published lacking the consideration of a classifier selecting the best empirical PK model for a molecule [4].

Objective

- Development of a PK prediction approach to support compound selection in drug discovery
- PK-prediction-guided compound selection for in vivo testing
- Replacement of in vivo studies with PK prediction workflow
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RESULTS

1. NCA 2. PK model fitting & 3. Selection of best model

Figure 1: Goodness of fit plot.
One compartment PK simulations with Vss and CL from
NCA for every compound and study.

Table 1: Summary statistics of parameters Vss Table 2: Distribution of compartmental models

depending on CV% and based on lowest RMSE.

Figure 3: Goodness of fit plot using best PK model.
PK simulations with best PK model and estimated parameters for every
compound and study.

and CL from automized NCA.
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Table 3: Accuracy of three different

Figure 4: Boxplot of ratio between observed vs. predicted
AUC, C,... and C,,. Predicted values were derived from PK
prediction workflow with predicted PK model and parameters

Figure 5: Goodness of fit plot for PK prediction workflow.

classifier for 1 vs. 2 compartment model. PK simulations were performed with predicted PK model and predicted

model.
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Algorithm Train Test Validate Table 5: Three metrices separated into training, test
Logistic Regression 0.69 0.66 0.63 and validation set for predicted PK parameters.
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METHODS

Noncompartmental analysis & PK modeling

Input 1. NCA 2. PK model fitting 3. Selection of best model Output

1006 in vivo rat studies with i.v. - Automized NCA for 904 studies ' PopPK models (1/2/3 PK model) with l Best PK model was chosen with respect to the lowest l

administration of 949 different small with 798 different molecules ITIV on all parameters (R 4.2.0 with root mean squared error for which all parameters have
molecules Using R 4.2.0 and PKNCA 0.10.2 nlmixr2 2.0.8 and SAEM algorithm) a coefficient of variation lower than 50%

1. For every PK parameter a table with SMILES
strings and related estimated values

2. Table with SMILES strings and related best PK
model

Machine learning

Development of PK model classifier

3 different classifiers were tested
« Logistic regression / K-neasrest neigbors / Gradient boosting

Development of 6 seperate graph convolutional networks to predict PK parameters

For every PK parameter a seperate graph convolutional network was trained with the estimated values from the parameter
estimation as input. The datasets were divided into training, validation and test sets with a split of 80%, 10%, 10%,
respectively. Here, splitting was done using a chemical diversity-based algorithm (Min-Max-Picking as implemented in RDKit).
Models were optimized by monitoring the Pearson correlation score (PCS) for the test dataset. For tuning the hyperparameters,
several models with different hyperparameter combinations were build and tested [5]. The best performing method was used
for further calculations. Training was stopped if the loss of PCS did not improve for 20 subsequent steps (early-stopping).

Dataset with best PK model for each SMILES string was splitted into training and
test sets with a split of 85% and 15%. Training set is further splitted into training
and validation sets with a split of 85% and 15%. Stratified 20-folds cross-
validation was used and hyperparameter optimization.
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