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The missing link

Clinical guidance – personalisation for patient benefit
And/or repositioning/repurposing outcomes

Side Effect informed explanation and personalisation

Mechanism
Data analysis 

machine learning
Epidemiology Genomics Pharmacology Metabolism Chemistry Side effect



Drug class by drug class examples





Data Sources - Inputs

Roberts-Nuttall J, Jones AM, Castellani M, Pham D (2026) An interpretable machine 
learning framework for adverse drug reaction prediction from drug-target interactions. 
PLoS One 21(1): e0340900



Database collection methods

The classification task
• Framework trains individual binary classifiers for 

21/27 MedDRA SOCs
• Ground truth – use of DA (ROR/PRR >2)



Machine Learning methods

Mitigation Strategy

• Medical datasets (e.g. MHRA) are 
heavily skewed/underreporting

• Hybrid resampling technique
• SMOTE – synthetically over-sample 

the minority class (significant ADRs)
• TOMEK -  under-sample noisy 

borderline examples in the majority 
class



Heatmap comparison of Drug-ADR associations 
between the SIDER and the YCS databases



Heatmaps of model predictions versus actual data



Performance metrics of the 21 SOC models for 
Decision Trees and Random Forests

Why select Random Forests?

• Balance predictive 
power/interpretability

• Resist overfitting of noisy, high 
dimensional healthcare data

• Bayesian optimisation >100 trials 
to maximise ROC AUC metric



Random Forest feature importance results of the top 
10 targets for the Psychiatric Disorder model



Summary of SOC category associations for the top 10 
targets based on feature importance

Is the model learning genuine 
pharmacology or just statistical noise?

• External validation step:
• Model’s top-10 most influential targets 

(derived from feature importance)
• Cross-referenced against independent 

DisGeNET database
• 9 out of 10 had established biological 

association.



Target Drug Relations linked to the top 10 targets 
based on feature importance

The ML results demonstrate how the algorithm 
translates back to practical pharmacology

• Mapping of influential targets to Anatomical 
Therapeutic Chemical (ATC) classifications → 
strong correlation with Nervous System drugs.

• Novel findings e.g.  the 'PDCL' target lacked 
prior DisGeNET documentation for psychiatric 
conditions, the model flagged it based on its 
modulation of ethanol response.

• This helps prove the framework can propose 
novel targets for future laboratory research



• High-confidence drug-target interaction data from the STITCH database with 
nearly 3 million real-world ADR reports

• This ML approach explicitly connects adverse side effects back to the precise 
biological targets and proteins that a drug interacts

• ML outputs generated new biological / clinical insight beyond feature rankings

• This framework could allow the pharmaceutical industry to anticipate side effects 
early in development, leading to safer drug design and fewer patient 
complications

Conclusions



Future Directions

Data Quality/Richness

• Use of causality data rather than 
correlation

• CPRD/THIN datasets with individual 
identifiable characteristics

• Comparison with other SRS databases

ML approaches drug–target–ADR 

• attention mechanisms
• integrated gradients
• SHAP-compatible neural architectures
• graph-based / multimodal models
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