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In silico PK predictions get more traction



Open Access!

Systematic evaluation of high-
throughput PBK modelling strategies 
for the prediction of intravenous and 
oral pharmacokinetics in humans

Geci R, Gadaleta D, Lomana MG de, Ortega-Vallbona R, Colombo 
E, Serrano-Candelas E, Paini A, Kuepfer L, Schaller S (2024) 
Archives of Toxicology:1–18. doi: 10.1007/s00204-024-03764-9
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Are high-throughput PK predictions 

useful for real decision making?



• Drug-induced liver injury (DILI) can occur via many different mechanisms

• Often idiosyncratic with only 1 - 20 out of 100,000 patients affected

• Many confounding factors (genetics, comorbidities, comedications etc)

• Difficult to predict with current preclinical methods

• Can lead to liver failure and patient death

• Many drug candidates fail due to liver safety in clinical studies

• Common reason for withdrawal from market after approval
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DILI is hard to predict but important
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Methodology
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Table from: Walker, P. A., Ryder, S., Lavado, A., Dilworth, C. & Riley, R. J. The evolution of strategies to minimise the risk of human drug-induced liver injury (DILI) in drug discovery and 

development. Arch Toxicol 94, 2559–2585; 10.1007/s00204-020-02763-w (2020).

Molecular assays,

cell assays…

different cell types…

2D, 3D…

There are many in vitro DILI assays
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Strongest toxicity

potency value per

compound

Cytotoxicity

Mitochondrial toxicity

BSEP inhibition

…

Clinical toxicity

In vitro studies

(17x)

PK Study data

Highest oral dose

In vivo Cmax

DILIrank

Chen et al.

(2016)

No DILI

Less DILI

Most DILI

Clinical Failure

Data collection
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Our integrated DILI dataset: 241 drugs
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Results
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Evaluation 1: Simple heuristic screening rules 

poorly predict DILI

Predicted

DILI Risk

quadrant

Balanced accuracies: 50 - 70%
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𝐼𝑛 𝑣𝑖𝑣𝑜 Cmax

St𝑟𝑜𝑛𝑔𝑒𝑠𝑡 𝑖𝑛 𝑣𝑖𝑡𝑟𝑜 toxicity
 = Cmax to toxicity ratio

No DILI

Less DILI

Most DILI

Clinical Failure

Clinical toxicity

Evaluation 2: Cmax to in vitro toxicity ratios
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Evaluation 2: Cmax to in vitro toxicity ratios strongly 

predict DILI
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Evaluation 2: Cmax to in vitro toxicity ratios strongly 

predict DILI
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Estradiol

Evaluation 2: Cmax to in vitro toxicity ratios strongly 

predict DILI
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90% of Cmax 

values predicted 

within 10-fold

In silico predicted Cmax is similar to in vivo 

observed values
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𝐼𝑛 𝑣𝑖𝑣𝑜 𝐼𝑛 𝑠𝑖𝑙𝑖𝑐𝑜 Cmax

Strongest 𝑖𝑛 𝑣𝑖𝑡𝑟𝑜 toxicity
 = Cmax to toxicity ratio

No DILI

Less DILI

Most DILI

Clinical Failure

Clinical toxicity

Evaluation 3: In silico predicted Cmax
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Evaluation 3: In silico predicted Cmax enables 

prospective DILI evaluation
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90%

96%

86%

91%

ROC AUC

for

in vivo Cmax

ROC AUC

for

in silico Cmax

Evaluation 3: In silico predicted Cmax enables 

prospective DILI evaluation
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Evaluation 4: In vitro BSEP inhibition data
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𝐼𝑛 𝑣𝑖𝑣𝑜 Cmax

𝐼𝑛 𝑣𝑖𝑡𝑟𝑜 BSEP IC50
 = Cmax to toxicity ratio

No DILI

Less DILI

Most DILI

Clinical Failure

Clinical toxicity

Evaluation 4: In vitro BSEP inhibition data
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Evaluation 4: Inclusion of BSEP inhibition improves 

DILI predictivity
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Evaluation 4: Inclusion of BSEP inhibition improves 

DILI predictivity
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Mifepristone
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Cmax

Lowest 𝑖𝑛 𝑣𝑖𝑡𝑟𝑜 toxicity
Static representations

of the dynamic in vivo

situation

Evaluation 5: Dynamic effect modelling
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Kister et al. (2025)

Bile acid model: Kister, B., Blank, L. M., Pollmanns, M., Wirtz, T. H. & Kuepfer, L. A physiologically-based model of bile acid metabolism in humans. bioRxiv, 

2025.07.19.665677; 10.1101/2025.07.19.665677 (2025).

Evaluation 5: Dynamic modelling gives more 

realistic insights on in vivo bile acid perturbations
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Evaluation 5: Dynamic modelling gives more 

realistic insights on in vivo bile acid perturbations
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Evaluation 5: Dynamic modelling gives more 

realistic insights on in vivo bile acid perturbations



• Heterogeneous literature data with incomplete endpoint coverage per drug

• Immune-mediated, metabolite-driven, and gene-regulatory mechanisms are 
underrepresented

• Retrospective sources lack formulation details and dosing schedules

• Key confounders (co-medications, comorbidities, genetics) are largely 
unavailable

• Ideal thresholds are probably endpoint-specific
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Limitations



1. Available in vitro toxicity assays are already very useful for predicting DILI

… even better predictivity when more toxicity mechanisms are covered

2. Exposure (Cmax) is key

… high-throughput PBK modelling allows prospective predictions before any clinical studies 
have been performed

3. BSEP inhibition is an important mechanism of DILI

4. Dynamic models capture time-dependent effects and yield more realistic in vivo insights 
than static metrics, although those are good first approximations
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Conclusions
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Thank you for your attention!
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In vitro toxicity alone is a poor predictor
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Per assay ratios
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Per assay ratios
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Dose & Idiosyncratic DILI
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14% of drug DILI risk classifications changed when using 

in silico predicted Cmax instead of in vivo observed values

In silico predicted Cmax enables prospective DILI 

evaluation
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BSEP inhibition seems associated with “Less DILI” 

classification
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