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Abstract 

Background: The prediction of clinical trial success has very recently mobilized increasingly AI-based 
sophisticated approaches. Models such as HINT or SPOT established benchmark performances 
(ROC-AUC 0.65), followed by complex architectures combining knowledge graphs and Transformers. 
Paradoxically, these methodological innovations have not produced substantial predictive gains, while 
their low explainability limits pharmaceutical industry adoption. 

 

Objective: Faced with this performance plateau, we propose an alternative hypothesis: limitations 
stem more from data quality than model architecture. Our work aims to systematically evaluate this 
hypothesis and explore an AI-driven data enrichment-centered approach. 

 

Methods: We conducted a critical audit of the main public benchmarks (TOP, CTO, TrialPanorama), 
assessingicompleteness, consistency, and label reliability. A feasibility study on 300+ clinical trials 
evaluated the possibility of automating outcome annotation using LLM-based techniques and web 
scraping. We developed an AI-based enrichment strategy integrating underexploited biological 
variables: pharmacokinetic data, preclinical biomarkers, and inter-phase links, culminating in a new 
machine learning predictive model that incorporates these data sources while prioritizing explainability. 

 

Results: Our audit of 500 manually annotated trials reveals significant labeling error rates: 41% for 
CTO, 9.6% for TrialPanorama, and 8.3% for TOP, confirmingifundamental data quality issues. 
Automated annotation shows encouraging performance. Exploratory analysis suggests that missing 
biological variables constitute a significant limiting factor for current predictive models. 

 

Conclusions: This work questions the current paradigm favoring algorithmic complexity in AI-based 
prediction of clinical trial outcome. We propose that rigorous data curation and AI-enhanced 
enrichment could unlock significant predictive gains with direct implications for development cost 
optimization and clinical trial ethics. 

  


