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ABSTRACT: Personalised treatment decisions require reliable estimates of how treatment effects vary across 

patients, but randomised controlled trials (RCTs) are typically underpowered for detecting treatment effect 

heterogeneity. Observational databases provide substantially larger samples that can improve estimation 
efficiency, yet may suffer from unmeasured confounding. We propose a Bayesian nonparametric approach that 

combines both data sources to obtain more precise estimates of conditional average treatment effects (CATEs) 
on survival outcomes while explicitly correcting for confounding bias. 

 
We adopt an accelerated failure time model and decompose the conditional expectation of the log-survival time 

into three components: a prognostic function capturing baseline risk, a treatment effect function representing 

the CATE, and a confounding function that is active only for treated units in the observational sample. This 
decomposition is identified under standard transportability and trial randomisation assumptions. The 

confounding function isolates the bias due to unmeasured confounding from the causal effect, enabling joint 
estimation from both data sources without requiring unconfoundedness in the observational data. 

 

We place independent Bayesian Additive Regression Tree (BART) priors on each component, providing flexible 
nonparametric estimation while regularising toward additive structures through the sum-of-trees formulation. 

To guard against over-borrowing from potentially incompatible observational data, we incorporate a meta-
analytic prior that adaptively controls the degree of information sharing between data sources based on the 

observed agreement between them. Causal estimands such as differences in restricted mean survival time and 
survival probability are obtained as posterior functionals of the estimated survival curves, with uncertainty 

quantified through the posterior distribution. 

 
Simulation studies demonstrate that the proposed estimator yields more accurate estimates of heterogeneous 

treatment effects compared to RCT-only estimation while remaining robust to moderate unmeasured 
confounding. We illustrate the method on a breast cancer application combining trial and registry data. 
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