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Drug-Induced Liver Injury (DILI)
• Liver injury due to prescription and nonprescription medications

• DILI is a major concern for drug developers, regulators, and clinicians

Adverse drug events that have led to withdrawal from the 
marketplace worldwide between 1975-2007 
[Stevens and Baker 2009]
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TI/TV: Target Identification / Target Validation
H2L: Hit-to-Lead
LO: Lead Optimization
LLO: Late Lead Optimization

NME: New Molecular Entity
ED: Early Development
LD: Late Development
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Drug-Induced Liver Injury (DILI)

Cholestasis

Necrosis

Weaver et al. (2020) 

DILI mechanisms Clinical phenotypes
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Categorizing DILI

Drug Induced Liver Injury Rank (DILIrank) Dataset | FDA
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https://www.fda.gov/science-research/liver-toxicity-knowledge-base-ltkb/drug-induced-liver-injury-rank-dilirank-dataset
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No Overall Agreement
• There is no universally accepted framework for 

categorizing drugs based on their potential to cause 
drug-induced liver injury (DILI).

• As an example, despite being placed in a Most DILI-
concern category, acetaminophen is widely 
considered one of the safest and most commonly 
used over-the-counter medications when taken at 
recommended dosages.

• Liver-Tox book: LiverTox - NCBI Bookshelf (nih.gov)
• Provides overview of hepatotoxicity for about 1000 drugs

Martin et al. (2022)
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https://www.ncbi.nlm.nih.gov/books/NBK547852/


Predicting Drug-Induced Liver Injury
• Predicting drug-induced organ injury in early drug development is a multi-dimensional problem

• Requires multifaceted assays and compound-related information 

• Statistical approaches which integrate data from different sources 
        → make the decision-making process faster, data driven, and more efficient

In Vitro assays

• Cytotoxicity (IC50)
• Mitochondrial toxicity 

(HepG2 Glu/Gal ratio) 
• Bile Salt Export Pump 

(BSEP) inhibition (IC50)

Physicochemical 
Properties

• Molecular weight (MW)
• Lipophilicity (cLogP)
• Spatial complexity (fsp3)
• Ionization state (acid, base, 

or neutral)

Pharmacokinetic 
Properties

• Total plasma Cmax

• Total daily dose
• Liver inlet concentration
• Fraction unbound
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METHODS



Methods Evaluated within J&J
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Single endpoint:

• Organoids / 3D cell (e.g. Fäs et al. 2025)

Multiple heterogeneous endpoints:

• In-vitro assays, physicochemical properties, pharmacokinetic properties (this talk)

• Omics: RNAseq, proteomics

• Off-target binding (e.g. Rao et al. 2023)

• Chemical structure (SMILES)

• AI/ML methods (e.g. LLM)

• In-silico predictions (e.g. Seal et al. 2024)



Multiparametric Approaches to DILI Prediction
Aleo et al. 2020

➢ Decision rules-based method that 
provides a quantitative DILI-risk

➢ Uses a scoring system based on safety 
margins (ICx/Cmax)

➢ Provides cut-points to separate M-
DILI from N-DILI and L-DILI

Williams et al. 2020

➢ Considers DILI severity-class as an ordinal 
variable

➢ Bayesian statistical model that provides a 
quantitative DILI risk

➢ Determines probabilities of each DILI 
severity class

➢ Separates three DILI severity classes from 
each other.

Bayesian Ordinal Logistic Regression (BOLR)Scoring System

Martin et al. 2022

Random Forest 

➢ Treats DILI as binary: N|L-DILI vs. M-DILI
➢ ML-based method that provides a quantitative 

DILI-risk
➢ Provides cut-point to separate M-DILI from the 

two other classes.
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Scoring System (Aleo et al. 2020)
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Scoring of Drugs Based on Physicochemical Property Models

Example: Loratadine is an antihistamine and categorized as N-DILI by FDA.

Ionization -PMDD cLogP Fsp3
Neutral 3.981 5.051 0.364

Cytotox Mitotox
Assay HepG2 THLE Glu/Gal Inhibition Uncoupler BSEP Cmax
Value 67.04 38.73 1.3 >25 >100 28.671 0.068
Normalized by Cmax 986.01 569.56 - - - 421.63

Total Score: 0 + 4 = 4

Score = 0

Score = 4

Total Score:   ≤3 = No-DILI
         4-7 = Less-DILI
           ≥8 = Most-DILI



Optimized Scoring System
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Limitations of cut-points proposed by Aleo et al. 

• Fixed scoring logic → cannot be adapted to specific objectives

• Specific to their dataset and assays →  may not generalize well

Proposal: Optimize cut-points

• Challenging optimization problem 

➢ discrete jumps at cut-points

➢ complex relationship between endpoints

• Optimize for a specific objective

➢  flexibility in objective function needed

➢ example: maximize balanced accuracy

Solution: Genetic algorithm 
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Crossover

Mutation

Survivor 
Selection

Fitness 
Function 

Calculation

Genetic Algorithm

Population 
Initialization

Terminate & 
Return Best 

Solution

Derivative free optimization algorithm

By Pasimi - Own work, CC BY-SA 4.0, 
https://commons.wikimedia.org/w/index.php?curid=37611586 

https://commons.wikimedia.org/w/index.php?curid=37611586


Fitness Function
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• Misclassifying Extreme cases to opposite class (i.e., No-DILI as Most-DILI & Most-DILI  as No-DILI) 
should be avoided

       → Need for constraints: add penalty term to fitness function

• Goal: optimize balanced accuracy, while adhering  to two constraints: 
 - 80% of L/M-DILI correctly classified  
 - 85% of N/L-DILI correctly classified

 

Note: false positive is considered worse than false negative (i.e. stopping a possible promising compound early)



Bayesian Ordinal Logistic Regression (Williams et al. 2020)
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Bayesian Ordinal Logistic Regression (Williams et al. 2020) 
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Statistical model: 



Bayesian Ordinal Logistic Regression (Williams et al. 2020)
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Random Forest (Martin et al. 2022)
• Optimize ROC AUC

• Downsampling to deal with class imbalance
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RESULTS
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁

Performance Metrics
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Comparison of Original and Optimized Cut-points

Cross-validated results (averaged over runs)
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Performance

Agreement between methods 
increases reliability of predictions

Cross-validated results (averaged over runs)
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Agreement Between Methods
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Feature Importance in Random Forest Model
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Results Optimized Scoring System
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Results Bayesian Ordinal Logistic Regression

(Williams et al. 2020)

Figure 4. Performance of the model on compounds with high molecular similarity and identical therapeutic indications, 
but different potential for hepatotoxicity. The order of severity of clinical hepatotoxicity is pioglitazone < rosiglitazone < 
troglitazone. Distribution color indicates the true DILI category. Graphs on the left show the posterior distributions 
(estimated continuous DILI severity), and bar graphs on the right show the predictions (posterior predictive distributions).
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Take Home Messages

❑ DILI is a complex, multifactorial process

❑ Interpretability of predictions is a key requirement

❑ Optimized Scoring System combines expert knowledge with data-driven optimization

❑ Using different prediction methods and checking agreement increases robustness 
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Thank You! 
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