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Motivation

❑One size does not fit all:

• Moving away from the assumption that a treatment 

affects all patients in the same way.

• Account for patient characteristics driving 

differences in response to treatment. 

❑Use of multiple studies:

• Increased availability of large multi-site datasets

• Legislative guidance is available

Landscape is ripe for leveraging data to estimate 

causal effects. 
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How is the use of multiple studies relevant for heterogeneous treatment effect 

estimation?

Significantly larger sample sizes are required to detect treatment effect heterogeneity (TEH) than what 

is needed to detect an average treatment effect (ATE)

New patient characteristics X

Clinical

Study 1

Study 𝑘

Eligible

Eligible

Eligible • Subgroup analyses – suffer from 

low statistical power

Clinical
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Exchangeability

Many existing borrowing approaches rely on assumption of marginal exchangeability 

for direct borrowing of data

1. Bayesian perspective: Extent of borrowing is determined by evaluating the 

consistency between the primary and auxiliary data sources.

2. Exchangeability may not hold in the presence of treatment effect heterogeneity.

• BDB methods: Borrow strength for the average treatment effect (ATE).

• Marginal exchangeability: ATE between historical studies and the 

primary data are similar enough to be combined

• Covariate-adjusted exchangeability: Studies are exchangeable after 

conditioning on a set of observed covariates. 

• A linear relationship is assumed!
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Flexible modelling of treatment effect heterogeneity: Single-study methods

Many nonparametric methods for single study scenarios have been developed including R 

Learner, DR-Learner, Causal Forest and Bayesian Causal Forest.

Causal Forest:

• Use of Honest Trees: Separate sample for 

building tree structure and estimating the 

treatment effect

• Explicitly optimise for treatment effect 

heterogeneity

• Generate estimates of Conditional average 

treatment effects (CATEs).

Honesty condition

Example tree 

structure
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Goal: Borrow from auxiliary data source in the presence of varying sources of 

treatment effect heterogeneity

Includes both within study and between study heterogeneity

1. Type 1: Within study heterogeneity:

• Differences within a given study

2. Type 2: Between study heterogeneity:

• Differences across various studies

3. Seek to improve the accuracy of CATE estimates 

by using data from Study B:

• If Study B is very similar to Study A, greater 

information is borrowed.

• Else the information in Study B is given lower weight 

Study A Study B 

All of Study A – use as the 

base trial. 
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Defining Exchangeability

In the presence of treatment effect heterogeneity: Between study heterogeneity

If CATEs in the primary and auxiliary data sources are exchangeable – borrow from the auxiliary 

data source

Primary data 

source 

Auxiliary data 

source 

If derived from the same 

joint distribution

Then 𝜏𝑝 =  𝜏𝑎,

Substantial 

heterogeneity 
Perfectly 

homogeneous 

Range of variation between studies
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Growing interest in such methods in the literature
Data borrowing or pooling across multiple studies
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Multi- Study Causal Forest - Algorithm 

1. Fit separate forests over the Primary 

dataset 𝐶𝐹1, the Auxiliary dataset 𝐶𝐹2 and 

the Combined dataset 𝐶𝐹3.

2. Evaluate similarity between the CATEs 

predicted over primary data

3. Compute propensity scores to weigh 

individual patients in the auxiliary dataset 

– most similar to the Primary dataset. 

4. MCF: Use the product of the above two 

weights 𝑊3 =  𝑊1 ∗ 𝑊2

Overall similarity is evaluated using the 

correlation coefficient over CATEs

Primary dataset 

𝑊1 = 1

Auxiliary dataset 

𝑊1 = Ω

Primary dataset 

𝑊2 = 1

Auxiliary dataset 

𝑊2 = 𝑤𝑖

Individual patients are weighted using 

propensity scores
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Translate to a simulation study to enable comparison

Goal: How best to borrow from the auxiliary dataset – in a manner that the information used is 

closest to the primary dataset?

Simulation Parameters

• Number of covariates: 10

• Differences in underlying CATE functions. 

• Different propensity score models between the primary and auxiliary datasets 

• Primary data: Driven by 𝑋1; Auxiliary data: Driven by 𝑋2
2 + 𝑋3 + 𝑋4

• Presence of correlation among covariates – 0.2

• Split the Primary dataset (n = 500):

• Training (50%) and Test dataset (50%) 

• Auxiliary dataset (n = 500)

• Evaluate performance of the method – using RMSE
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Weights computed for the Multi-study Causal Forest 

Key question: Is it possible to borrow from an auxiliary data source – such that it is most “similar” to 

a “target” data source?

Multi study Causal Forest

𝑊1

𝑊2

𝑊3
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Results

• Same parameters for primary 

and auxiliary dataset 

• Minimal difference in 

RMSE

• Different parameters for 

primary and auxiliary dataset 

• MCF corresponds to 

RMSE - closest to  primary 

dataset.

Presence of correlation = 0.2
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Conclusions

Future steps:

• Discuss scenarios where the data sources contain different number of covariates or in the 

presence of missingness. 

• Offer solutions when data is only available on a single arm in the auxiliary study. 

Summary: 

• The MCF is a flexible approach and is able to identify: 

1. When CATE functions are exchangeable 

2. When there are differences between CATE functions

• Determines the extent to which data should be borrowed from an auxiliary data source.
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