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Causal Inference Methods in 

Randomized Controlled Trials: Why at all?

• In RCTs, situations occur where the evaluation of the treatment effect no longer 
occurs under strict randomization, making RCTs akin to observational studies

– Reasons: Intercurrent events (ICE), responder only analysis, unbalanced subgroups, long-
term follow-up analyses – post baseline events

– Consequence: traditional methods may not result in properly answering the scientific 
question of interest (e.g. treatment switching) 

• Causal inference[1], using the counterfactual outcome framework[2], aims to 
evaluate the causal effects in presence of potential confounders, while being 
explicit on required assumptions to identify the causally defined estimand and to 
promote the utilization of sensitivity analyses. 

• By directly targeting the treatment effect, e.g. average treatment effect (ATE)[1]

efficiency gains can be obtained by using single or doubly robust methodology[3,4]



Opportunities in analyzing RCT data

In line with estimand framework of ICH E9 (R1) [5-6], following the principles of trial objective -

estimand - estimator - estimate and sensitivity analyses, causal inference methodology explicitly 

specifies the causal estimand in counterfactual outcomes

RCT data
Estimands & Intercurrent Events (ICEs)

 ICEs (e.g., treatment switching) using causal inference techniques [7,8,9]

 Explicitly defined estimator for causal estimand (e.g. ATE, cATE[1], non-collapsibility[10])

 Adjusting for baseline covariates [3,12-14]

 Sensitivity analyses[15]

Application areas go beyond RCT data and include RWE data and biomarker data too



Next steps + Discussion

• Acceptability of the use of the causal inference methodology to address 

scientific questions of interest, relevant for regulatory interactions to increase 

quality of decision-making

– Randomization (and tacit assumptions) versus explicit assumptions[16]

– Specification of estimands using counterfactual outcomes for the population summary metric

– Estimation of treatment effects using causal inference methodology, including single robust, doubly-robust 

and extensions to account for longitudinal data
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Causal Inference?
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• Causal inference is a discipline within 
statistics which aims to evaluate the 
causal effect of treatment (intervention) 
in presence of potential confounders
while being explicit on required 
assumptions

• Counterfactual (or potential) outcome
framework[1] to define the estimand of 
interest, and hence compare treated and 
untreated populations

• Flexible, and in principle not bound by 
specific models, not limited by data source 
(e.g. RCT, RWE) [16]

Population of interest1

E Ya=1 − E[Ya=0] E Y a = 1 − E[Y|a = 0]

1 Adapted from Fig. 1.1 from Hernan & Robins (2024) What If. [1]



Relevant application areas

In line with estimand framework of ECH E9 (R1) [3-4], following the principles of trial objective -

estimand - estimator - estimate and sensitivity analyses, causal inference methodology explicitly 

specifies the causal estimand in counterfactual outcomes

RCT data
Estimands & Intercurrent 

Events (ICEs)

Observational data 
(RWE, registry…)

Biomarker data
Exposure-Response 

Surrogate Markers

 ICEs (e.g., treatment 

switching) using causal 

inference techniques [7,8,9]

 Explicitly defined estimator 

for causal estimand (e.g. ATE, 

cATE[1], non-collapsibility[10])

 Adjusting for baseline 

covariates [3,12-14]

 Sensitivity analysis[15]

 Analyzing non-randomized or 

OL trials: LTE, registries, RWE 

DB

 Augmenting single-arm trials 

(SAT) and RCT with external 

control data[17]

 Generalizing RCT results with 

RWE[14]

 Quantitative bias analysis and 

sensitivity analyses[12,15]

 Addressing potential bias in 

Exposure-Response evaluations 
[18]

 Proportion of treatment effect 

mediated through the 

biomarkers or other mediatiors
[19]


