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Abstract 

Recent advances in causal inference and machine learning have led to the development of flexible, 
nonparametric methods for estimating heterogeneous treatment effects from a single study. However, 
in many domains, auxiliary data may be available from additional similar studies, each with unique 
sampling designs and potential confounding mechanisms. Direct pooling of data from these auxiliary 
sources may lead to bias in estimation of conditional average treatment effects (CATEs) for a given 
primary source. In this work, we introduce Multi-Study Causal Forest (MCF), a novel extension of the 
Causal Forest framework that is specifically designed to enhance CATE estimates in a given study 
population by borrowing information on effect heterogeneity from individual level data collected in other 
studies. Our method leverages the strengths of Causal Forests for capturing complex, nonlinear causal 
effects to assess the degree of concordance in the CATE functional form across studies, thereby 
determining the extent of borrowing. By allowing for both within and between study-level heterogeneity, 
MCF provides robust estimates of treatment heterogeneity and offer potentially improved precision 
over single-study approaches. We evaluate the MCF method through a simulation study and an 
empirical application to Breast Cancer data (primary RCT and auxiliary observational data), 
demonstrating its ability to enhance inference accuracy and account for nuanced patterns of effect 
variation across two distinct study settings. 

  


