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Motivation und Machine Learning model evolution
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Cmax: maximum plasma concentration

AUC: area under the curve (exposure)

Schneckener et al. doi: 10.1021/acs.jcim.9b00460 

Führer et al. doi: 10.1007/s10822-023-00547-9  

Gruber et al. doi: 10.1016/j.xphs.2023.10.035  

/// OSP conference 2025, Paris /// Predicting PK from chemical structure



Hybrid model concept for rat and human PK prediction

4

Chemical

structure

Neural

Network

Mechanistical 

model
Dose

Predicted PK 

parameters

Molecular weight

Salts and mixtures

Incomplete structures

Missing bonds or atoms

Reactive compounds

Stereochemistry

Isomers

Duplicates

Manual inspection

in  =       out 

/// OSP conference 2025, Paris /// Predicting PK from chemical structure



Hybrid model concept for rat and human PK prediction
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Sanchez-Lengeling B. et al. doi:10.48550/arXiv.1910.10685 

Graph convolutional networks

/// OSP conference 2025, Paris /// Predicting PK from chemical structure

Duvenaud D. et al. https://arxiv.org/pdf/1509.09292

Ramsundar B. et al  https://books.google.de/books?id=tYFKuwEACAAJ.



Hybrid model concept for rat and human PK prediction
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Hybrid model concept for rat and human PK prediction
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Data of ~7000 compounds 

from Bayer internal database

Data of ~3000 compounds 

from external databases 

Elsevier Reaxys and 

Cortellis Integrity

AUCiv, AUCpo, Cmax,po data 

available in equal parts and 

across exposure classes (low, 

intermediate, high)

87% of datapoints from oral PK 

(Cmax,po, AUCpo) vs 13% of 

intravenous PK (AUCiv) with bias 

towards higher exposure data

Dose range up to 1000 mg/kg Dose range up to 75 mg/kg with 

majority of data up to 10 mg/kg

Metadata available regarding sex 

and applied formulation

Metadata “health state” partly 

available in external databases
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Rat hybrid model performance: evaluation on test data set
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Median fold change error
mfce = exp(median |log(observation) – log(prediction)|)

• mfce = < 2 for AUCiv

• mfce between 2.24 – 4.03 for AUCpo

• mfce between 2.19 – 2.6 for Cmax,po

Improvement from previous SMILES-

based Hybrid model

Comparison of hybrid model to 

pure deep learning model: 

Higher accuracy of the hybrid 

model for all 3 endpoints
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Rat hybrid model performance: evaluation on project level
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• Ctrough not directly predicted by the hybrid model

• Full c-t profile simulation based on PBPK input parameters predicted 

from the hybrid model are possible but not directly accessible or 

mechanistically interpretable

→ Is the dose calculation based on efficacious AUCpo or Ctrough/ICxx?

Caverage

• Approximation of Ctrough by Caverage =
AUCpo

τ

Project questions

Can we use the model for….

• prediction of clearance 

• prediction of oral exposure AUCpo

• ranking of compounds regarding their predicted exposure

CL =
1

𝐴𝑈𝐶𝑛𝑜𝑟𝑚 𝑖𝑣

• classifying compounds into low / intermediate / high exposure

• an early evaluation of developability (feasible dose) 

→CLplasma = CLblood in relation to liver blood flow (<30%, 30-70%, >70%)

• AUCnorm,iv: <0.34, 0.34-0.79, >0.79 kg*h/L

• AUCnorm,po: <0.1, 0.1-0.55, >0.55 kg*h/L

Mfce = 1.76

Within 2-fold: 58%

Within 3-fold: 79%

Pearson correlation coefficient: 0.45

Spearman's rank correlation coefficient: 0.2

Mfce = 2.5

Within 2-fold: 50%

Within 3-fold: 70%

Pearson correlation coefficient: 0.47

Spearman's rank correlation coefficient: 0.51

Compounds part of model training set

New compounds

Within 2-fold

Within 3-fold

Project example
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Human hybrid model performance: evaluation on test data set
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Median fold change error
mfce = exp(median |log(observation) – log(prediction)|)

• mfce between 1.86 – 3.26 for AUCiv 

• mfce between 1.87 – 2.32 for AUCpo

• mfce between 1.87 – 2.12 for Cmax,po

AUCpo AUCiv Cmax,po

Within 2-fold (%) 44 47 50

Within 3-fold (%) 62 65 68

• Predictions within 2- and 3-fold errors are comparable to published human PK prediction methods 
e.g.: Jones (2011), Davies (2020), Naga (2022), Fagerholm (2021), Miljković (2021)

• Overall prediction accuracy for all exposure classes (low, intermediate, high) of 70 % (po) and 63 % (iv) 

with high AUCs showing precision of 73 % (iv) and 80 % (po)

• Direct comparison of hybrid model predictions for human PK to allometric scaling based on rat data showed similar predictive 

accuracy for AUCiv (mfce = 2.48), but a strong benefit of the hybrid model for AUCpo predictions (mfce = 1.76 vs 2.9)
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Human hybrid model performance: simulation of c-t profiles
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Alfentanil

iv po

Dapagliflozin

iv po

Triazolam

iv po

Midazolam

iv po

Compound examples from OSP library 

(human c-t profile data)

Open Systems Pharmacology · GitHub

Testing the extrapolation potential of the hybrid model to an endpoint it was not trained on → simulated c-t profiles in similar 

predictive accuracy as the trained endpoints, but resulting PBPK models not mechanistically meaningful

AUCiv: fce = 2.3 AUCpo: fce = 3.5

Cmax,po: fce= 2.3

AUCiv: fce= 1.3 AUCpo: fce= 1.5

Cmax,po: fce= 1.1

AUCiv: fce = 1.8 AUCpo: fce= 1.4

Cmax,po: fce= 1.5

AUCiv: fce= 16 AUCpo: fce = 8.9

Cmax,po: fce = 6.1

fce = |observation –prediction|
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Conclusion & outlook
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Rat and human 

hybrid model 

available for 

project work at 

Bayer 

Models combine the mechanistic physiological 

knowledge of the PBPK models from the OSP 

suite with state-of-the-art Machine Learning for 

predictions within 2- to 3-fold accuracy

Rat model re-training proved to be very important 

for continuously high model performance and 

integration of new compound classes

Consistent with the 3R principle: 

reduction, replacement and refinement 

of animal experiments

Further research currently ongoing for training on 

and predicting full c-t profiles in several preclinical 

species and increased chemical space

Application of the hybrid models (dual screening) in 

early phases of discovery for filtering and prioritizing 

promising candidates for detailed PK characterization 

actively saves resources (time, expenses)
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GMP – Good Modeling Practice
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The real predicitivty of a model is assessed from a left out external data set

See Guidance Document on the Validation of (Quantitative) Structure-Activity Relationships [(Q)SAR] Models. OECD Series on Testing and 

Assessment, No. 69, OECD Publishing: Paris, 2007.
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PK data for rat and human hybrid model
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Data of ~3000 compounds 

from external databases 

Elsevier Reaxys and Cortellis Integrity
POIV

Human, healthy

Human, patient

Human, unknown health

Human, healthy

Human, patient

Human, unknown health

• ~87% of datapoints from oral PK (Cmax,po, AUCpo) vs 

~13% of intravenous PK (AUCiv) 

• Dose range up to 75 mg/kg with majority of data up to 

10 mg/kg

• Distinction between healthy subjects and patients not 

thoroughly possible on both databases

Data of ~7000 compounds 

from Bayer internal databases

80%

8%

7%
5%

95%

5%

POIV

Male rat

Female rat

Male rat, solution

Male rat, suspension

Female rat, solution

Female rat, suspension

• AUCiv, AUCpo, Cmax,po data available in equal parts

• Dose range up to 1000 mg/kg with PK and Tox studies in 

both low and high dose range (data from “Pharma” and 

“Crop Science” compounds)

• Metadata available regarding sex and applied formulation

80%

5% 8%

58%

8%

34%
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Human hybrid model input: bias towards higher exposure
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AUCiv exposure classes AUCpo exposure classes

< 1.1
kg h

L
1.1 − 2.5
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L
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Hybrid model structure details
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Mechanistic model parameter overview
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Parameter Data for pre-training * Model/assay description

Hepatic clearance In vitro Hepatocyte stability assay

Vmax of P-gp–like active transport In vitro Caco-2 assay

Glomerular filtration rate (GFR) No pre-training **

Random initialization

Fraction unbound in plasma In silico Deep Learning model for humans

Lipophilicity In silico Deep Learning model for membrane affinity

Effective molecular weight In silico Molecular weight reduced by halogen contributions

Stomach solubility In silico Henderson-Hasselbach equation with reference 

solubility at pH=7 and pKa from Deep Learning 

models

Small intestine solubility In silico

Large intestine solubility In silico

Small intestine permeation In silico Predicted from membrane affinity and molecular 

weightLarge intestine permeation In silico

*  Data used for pre-training is derived from Bayer internal in vitro assays and in silico models.

** Data for glomerular filtration rate (GFR) were not available, as determining the GFR would require urine data from in vivo trials. The corresponding output node 

of the property net is hence initialized randomly.
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Rat hybrid model performance: additional project evaluations
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Mfce = 1.68

Within 2-fold: 74%

Within 3-fold: 90%

Pearson correlation coefficient:0.76

Spearman's rank correlation coefficient: 0.85

Mfce = 1.66

Within 2-fold: 63%

Within 3-fold: 80%

Pearson correlation coefficient:0.72

Spearman's rank correlation coefficient: 0.83

Project example B

Compounds part of model training set

New compounds

Within 2-fold

Within 3-fold

Regular retraining of the hybrid model (1x / year) → new compound data can increase the prediction accuracy for ongoing projects, 

therefore directly impact project work and also increase the chemical space of the training data

Mfce = 8.05

Within 2-fold: 17%

Within 3-fold: 28%

Pearson correlation coefficient:0.33

Spearman's rank correlation coefficient: 0.072

Mfce = 8.99

Within 2-fold: 19%

Within 3-fold: 36%

Pearson correlation coefficient:0.33

Spearman's rank correlation coefficient: 0.0052

Project example C
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Human hybrid model performance: evaluation on training data set
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All subjects:

Mfce between 2.0 – 2.25

Healthy subjects

Mfce between 1.86 – 1.87 

Patients

Mfce between 2.12 – 2.32
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Comparison to published human PK prediction methods (selected examples)
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Jones et al. doi: 10.2165/11539680-000000000-00000 Naga et al. doi: 10.1021/acs.molpharmaceut.2c00040

Miljković et al. doi: 10.1021/acs.molpharmaceut.1c00718

Davies et al. doi: 10.1016/j.tips.2020.03.004
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Human hybrid model performance: comparison to allometric scaling (rat)
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Model comparison

Hybrid model vs allometric scaling:

• Allometric scaling based on single species scaling from 

rata data performed on selected test set with both rat and 

human data

• AUCiv is predicted by both methods with an mfce = 2.48

• AUCpo is predicted better by the hybrid model vs 

allometric scaling: mfce = 1.76 vs 2.9

→ Allometric scaling is a valid and standard method to 

predict human clearance and volume of distribution, but 

assumptions for bioavailability and oral absorption 

strongly impact the human PK prediction after oral dosing

→ The hybrid model has learned to account for these 

processes more efficiently and can deliver better 

predictions for AUCpo

Selected test set with both rat and human PK data

CLhuman = CLanimal ∗
BWhuman

BWanimal

 
𝑏

BWhuman = 73 kg, BWanimal = 0.23 kg, allometric scaling exponent b = 0.75
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Human hybrid model performance: evaluation of exposure classes
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Confusion matrices 

Confusion matrices showing model sensitivity (recall) and model precision

AUCiv classification AUCpo classification
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Recall
Recall, also known as Sensitivity and True Positive Rate, 
answers the question: “Of all the actual positive cases, how 
many did the model correctly identify?”.

Precision
Precision is a metric that answers the question: “Of all 
the positive predictions made by the model, how many were 
actually correct?”. It is a ratio of true positive predictions out 
of all positive predictions made by the model.

P)
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Model performance analysis on AUCiv data in structure-based clusters
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Structure based clusters of AUCiv data

Difference between experimental and predicted log AUCiv

in the training set 

Difference between experimental and predicted log AUCiv

in the test set 

• Clustering was performed on 5493 data points of AUCiv data in 

Pipeline Pilot 2023 using ECFP-4 fingerprints (50 clusters)

• Number of data points per cluster < 500

• Training data set shows very balanced learning for all clusters 

(~around 1 log unit)

• More similar distributions and prediction performances in clusters of 

the test set vs training set for the larger clusters (e.g., 7, 28 or 31)

• Larger differences and worse prediction performances in the test set 

vs training set in clusters containing fewer compounds (e.g., cluster 

40 or 21)
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