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ITE Estimation – Longitudinal, Irregular, Point Treatment (LIP)
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General Problem: Estimating the causal individual 
treatment effect (ITE) from observational data

Specific Scenario – LIP setting 

• Medical observational study with EHR data

• Longitudinal outcomes
• Longitudinal covariates observed irregularly
• One-off treatment allocation 

Counterfactual 
Outcomes

ITE



Importance of  the LIP setting
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Counterfactual 
Outcomes

ITE

1. EHR is longitudinal and irregular in nature

2. The treatment effect on clinical outcomes may 
be time-varying
• Long term effect
• Drug resistance
• Adverse effect

3. Point treatment is widely applicable
• Allocation fixed within a treatment regime
• One off treatments (e.g. transplant) 



Methods for the LIP setting is underdeveloped
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Key insight: leveraging pre-treatment outcomes
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Counterfactual 
Outcomes

ITE

How to leverage the pre-treatment outcomes to 
inform the estimation?

Existing methods 
• Ignore pre-treatment outcomes 
• Treat them as temporal covariates

SyncTwin
• Explicitly model the outcome time series
• Extension of Synthetic Control 



Additional features: (1) individualized error control
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1. Individualized error control: point out when the 
models does not work for a particular individual

Existing methods 
• No individual-level error guarantees

SyncTwin
• Uses pre-treatment outcomes for error 

control

Cannot be reliably estimated



Additional features: (2) explainability by examples
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2. Explainability by examples: explain the 
estimation based on a small subset of 
“contributors”

Existing methods 
• Black box models

Target Individual



Additional features: (2) explainability by examples
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2. Explainability by examples: explain the 
estimation based on a small subset of 
“contributors”

Existing methods 
• Black box models

Contributors



SyncTwin: Encode, Synthetize, Estimate
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SyncTwin: (1) Encode

vanderschaar-lab.com

Neural network encoder
• RNN + Attention
• Outcome prediction loss

• Covariate reconstruction loss



SyncTwin: (2) Synthetize
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Construct synthetic twin
• Convex combination of 

contributors in the control group
• Reconstruct target 

representation



SyncTwin: (3) Estimate
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Estimate the potential outcome
• Using the learned weights



When will SyncTwin work?
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Assumptions

▪ Consistency
▪ No anticipation
▪ Data generating assumption (latent 

factor model)

* Data generating assumption is needed to establish the 
theoretical results. Experiments show SyncTwin works well even if 
the data is not directly generated from the assumed model.



When will SyncTwin work?
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Individualized error control

▪ Proposed metric: error in pre-treatment outcome



Successfully reproduces a large-scale clinical trial
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Prior clinical trial: Heart protection study (HPS) estimates the statins’ LDL lowering 
effect. It reports an average treatment effect of -1.26 mmol/L (SD=0.06) in the first-
year follow-up.

Method: SyncTwin applied to a cohort with matching selection criterion. Observational 
data from EHR (CPRD)

Findings: SyncTwin estimates the average treatment effect to be -1.25 mmol/L (SD 
0.01). Baseline methods fail to reproduce the findings (-0.72 mmol/L, SD 0.01)
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